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ABSTRACT

The Development and Validation of an Ideal Point Measure of Work Engagement
by
Michael M. DeNunzio
Advisor: Loren J. Naidoo

Work engagement has been an extremely popular area of research and practice over the past two
decades. However, organizational scholars have yet to thoughtfully consider alternative and
potentially more appropriate ways of modeling how individuals report their work engagement
and, relatedly, measuring the construct. This dissertation seeks to establish and support the
position that (1) individuals use an ideal point (vs. dominance) process to identify how engaged
they are and respond to work engagement items, and (2) an ideal point framework can be used to
develop a construct valid work engagement scale with good psychometric properties. Since no
such scale exists, Study 1 details the construction of a new ideal point work engagement scale.
That study also documents how this new scale performs against a new dominance scale
constructed alongside it in terms of model fit, test information, and score differences. It was
subsequently found that a work engagement scale could be successfully constructed using an
ideal point conceptualization and methodological approach, and that this resulted in a better
fitting scale than the use of a more traditional dominance approach. Study 2 took this a step back
to compare the performance of ideal point and dominance models to response data from several
extant dominance-style work engagement scales used in the academic literature to see if my
arguments hold for measures previously constructed using traditional methods. Comparisons
iv

were also made between the rank-order of scores from these scales and the new ideal point scale.
Model fit results from this study were mixed where the ideal point process was supported for
some scales but not others, and that these differences may be due to the response scale used.
Scoring comparisons demonstrated large differences in how the dominance-style scales rankordered participants relative to the ideal point scale. Where there were rank-order differences,
participants scoring more extremely on the dominance-style scales tended be scored as more
moderate on the ideal point scale. Finally, Study 3 was designed to comprehensively investigate
the construct validity of the new ideal point scale constructed in Study 1 including qualitatively
compare these validation results with those demonstrated by extant work engagement scales.
This was done to support the use of the new scale in future research as well as demonstrate that
the use of ideal point methodology does not adversely the validity of work engagement scores.
Theoretical and practical implications as well as future avenues of research to expand this area of
inquiry are discussed.
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Introduction
Work engagement refers to a motivational state encompassing individuals’ level of
attention, focus, and affective experience while working (Kahn, 1990; Schaufeli, Salanova,
González-Romá, & Bakker, 2002). This construct has become a heavily researched topic and a
major area of practice in industrial/organizational psychology and organizational behavior
because of its association with numerous important individual and organizational outcomes
(Albrecht, 2010; Bakker & Leiter, 2010; Macey & Schneider, 2008; Macey, Schneider, Barbera,
& Young, 2009). Great advances have been made in our understanding of its individual and
organizational predictors and criteria (Bakker, Demerouti, & Sanz-Vergel, 2014; Christian,
Garza, & Slaughter, 2011; Crawford, LePine, & Rich, 2010; Halbesleben, 2010; Harter, Schmidt,
& Hayes, 2002), how it fits into more complex models of motivation and well-being (Bakker,
Tims, & Derks, 2012; Bledow, Schmitt, Frese, & Kühnel, 2011; Sonnentag & Kühnel, 2016),
and the effectiveness of different engagement interventions (Bakker, 2009; Knight, Patterson, &
Dawson, 2016). These advances have subsequently resulted in a great amount of attention being
devoted to building scales.
Unfortunately, despite the growing interest in studying and measuring engagement,
researchers have failed to consider how individuals respond to work engagement items and the
psychometric implications of this behavior. Item response processes are critical to focus on
because they specify how the construct becomes manifest through item responses and thus
underlie the psychometric models used to build and score scales. Consequently, researchers
have assumed the appropriateness and adequacy of traditional psychometric theory and methods
in work engagement measurement without considering alternatives that may be more
theoretically appropriate and psychometrically advantageous. This is in large part because they
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appear to work well, are easy to apply, and are used across the field towards the measurement of
most constructs. Research suggests that this is a critical oversight that might have a negative
impact on construct validity, and by extension, theory development and practice. Indeed, the
veracity of the interpretations and inferences we make from psychometric data, including
whether the data supports or refutes aspects of theory, depend on the quality of that data.
As is typical of self-report survey measures in psychology, all self-report work
engagement measures in the literature have been developed and are scored with models deriving
from the work of Likert (1932) which assume that item responses follow a dominance response
process (e.g., classical test theory, factor analysis). The dominance process assumes that
individuals who demonstrate stronger agreement with all items on a scale have higher standings
on the measured construct than those who select lower response options (the same is true for
negative items after reverse-scoring). In other words, more of the construct is always associated
with higher item responses. For example, individuals with high standings on work engagement
are expected to strongly agree to the item “I frequently lost track of time when I was doing my
work,” whereas those with low standings are expected to indicate less agreement. When scales
are built under these assumptions, methods such as summing or averaging item scores are used to
score individuals on the scale and estimate their level of the construct since higher item scores
are assumed to always indicate more of the construct.
Despite the common use and widespread acceptance of scale construction and scoring
methods based on dominance assumptions, recent research suggests that responses to self-report
measures of non-ability constructs like personality (Chernyshenko, Stark, Drasgow, & Roberts,
2007; Stark, Chernyshenko, Drasgow, & Williams, 2006), attitudes (Carter & Dalal, 2010;
Roberts, Laughlin, & Wedell, 1999), interests (Tay, Drasgow, Rounds, & Williams, 2009), and
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affect (Tay, 2011) more closely follow an ideal point response process. Rather than stronger
agreeing always indicating more of the construct, the ideal point process suggests that
individuals consider their level on the construct compared to the level implied by the item when
selecting their response and disclosing their self-perceptions. This theoretical process derives
from the work of Thurstone (1927, 1928). According to Thurstone’s work, if given a set of
ordered stimuli representing a construct, such as a range of opinions about an attitudinal object
ranging from most positive to most negative, individuals will agree with items that match or are
located near their own level of the construct. However, individuals are expected to disagree with
items that reflect levels of the construct that are perceived to be higher or lower than their own.
This means that individuals can not only disagree from below as is assumed by the dominance
process, but also from above because they have more of the construct than the item indicates.
For example, let us reconsider the engagement item “I frequently lost track of time when I was
doing my work.” According to the ideal point process, an individual would strongly agree with
the item if he or she did frequently lose track of time while working, but would indicate less
agreement if he or she has rarely lost track of time (i.e., has lower work engagement than the
item) or even always lost track of time (i.e., has higher work engagement than the item). When
individuals are believed to use an ideal point process to respond to the items in a scale, scoring
methods such as summing or averaging item scores are no longer appropriate because higher
item scores are not always indicative of more of the construct like the dominance process
assumes. Items must instead be given weights or location scores reflective of the level of the
construct they each represent, and individuals are subsequently scored based on which items they
agree and disagree with.
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Research is beginning to support the notion that the ideal point process may be a more
theoretically accurate description of response behavior in non-ability measurement contexts
compared to the dominance process because in these contexts, individuals are asked to consider
the degree to which item statements reflect their self-perceptions. This introspective “matching”
process is at the very core of the ideal point process (Tay et al., 2009). For example, a person
must introspect to indicate the extent to which a behavioral statement on a personality
questionnaire accurately characterizes him- or herself. In contrast, the dominance process may
better characterize response behavior in measurement contexts like ability testing (e.g., cognitive
ability) where the individual must overcome the difficulty of the item with his or her ability level
and is always more likely to positively respond (i.e., demonstrate a “correct” response) with
higher standings on the construct. For example, a person either has high enough math ability to
correctly compute the square root of 121 or not, and the higher the ability, the higher the
probability of answering correctly. This is a linear or at least monotonic (i.e., nondecreasing)
relationship—one does not reach a point where extremely high ability makes a correct answer
less likely.
As a motivational state that encompasses a person’s attentional focus and affective
experience related to their work, work engagement is not an ability or “can do” dimension where
higher item responses always indicate more of the construct. Rather, it is a psychological
experience that, much like a personality trait or attitude, an individual must introspect about to
disclose his or her level of the construct. Ideal point assumptions thus make more theoretical
sense in this case. This response process is argued to be a more theoretically accurate account of
how an individual might respond to the item because it better accounts for all possible responses

4

like in the example item above. Thus, using a model based on these assumptions may allow one
to more accurately measure some individuals.
It is important to focus on the item response process because these processes underlie the
measurement models and analytic methods used to develop and score psychological measures.
Misalignment of the measurement model with the response process used can potentially present
threats to the construct validity of a scale. These threats include reduced accuracy of latent
estimates (e.g., those with extreme standings measured as more moderate on the trait) and
attenuated or spurious empirical relationships with other constructs (e.g., failure to reject a false
null hypothesis due to low statistical power). Careful analysis and correct identification of the
theoretical response process can subsequently have important benefits.
Research comparing the performance of dominance and ideal point models when applied
to self-report non-ability response data finds that ideal point models tend to demonstrate better
model–data fit, provide more psychometric information (i.e., higher reliability), and more
accurately rank-order respondents as compared with dominance models (e.g., Carter & Dalal,
2010; Carter et al., 2014; Chernyshenko et al., 2007; Dalal & Carter, 2015; Roberts et al., 1999;
Stark, Chernyshenko, Drasgow, et al., 2006). The flexibility of ideal point models also allow
items to be written to target all trait levels rather than only high or low standards (a situation that
these models were designed to address but which creates problems when using dominance
methods). As a result, all trait levels can be directly measured and individuals can be accurately
differentiated from each other across the whole continuum. These benefits can have
downstream effects that may improve theory development and practice. For example,
appropriate application of ideal point models can improve the ability to detect weak and/or
complex relationships between variables (e.g., linear interactions and curvilinear relationships)
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due to increased measurement accuracy (Carter et al., 2014; Carter, Dalal, Guan, LoPilato, &
Withrow, 2017; Dalal & Carter, 2015). Applied to work engagement research and practice, this
can result in improvements in our understanding of the relationships between engagement and
other constructs and, consequently, investment in more appropriate or better-calibrated
engagement interventions.
Given its theoretical appropriateness and the potential advantages ideal point methods
could bring to engagement research and practice, there is great potential value to integrating the
ideal point framework into the work engagement literature. The present work aims to address
this gap by investigating the appropriateness and some potential advantages of using an ideal
point model for work engagement measurement. It is proposed that the ideal point process more
accurately reflects individual response behavior on work engagement scales than the dominance
process. Following this assumption, a series of studies was conducted to empirically test the
ideal point approach for work engagement measurement and research. In Study 1, a measure of
work engagement based on ideal point methodology called the Ideal Point Work Engagement
Scale, or IPWES 1 was developed to investigate whether these methods can be successfully used
for engagement measurement. Additionally, a separate dominance-style scale called the
Dominance Work Engagement Scale, or DWES was developed in parallel from the same item
pool so that model fit comparisons could be performed to investigate whether the ideal point
model demonstrates better fit than the dominance model to the scales’ item responses. Finally,
test information and the rank-ordering of participants were compared to gain additional insight
into how the scales perform relative to one another in terms of differentiating between
individuals. In Study 2, model fit comparisons were performed on response data from several
1

Many acronyms are used in this dissertation. To assist the reader, a glossary of acronyms is provided in
Appendix A.
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extant dominance-style work engagement scales available in the literature to investigate whether
the ideal point model better accounts for individuals’ responses on these measures as well.
Additionally, rank-order differences between traditional total scores from each of these
dominance scales and the new ideal point scale were investigated to see if a consistent trend in
score differences between psychometric frameworks emerged. Finally, in Study 3 a series of
analyses were performed to fully validate the new ideal point scale. Different forms of construct
validity evidence were investigated including convergent/discriminant validity, relationships
with theoretical correlates (i.e., “nomological validity”), and predictive incremental validity over
extant measures.
The remainder of this dissertation is organized as follows. I first briefly review the
previous work engagement theory used to guide the development of the IPWES and identify
important predictors and criteria to investigate in the validation of the scale. This is followed by
a summary of the scale development process used, validity evidence for, and measurement issues
around three extant, commonly used measures of work engagement in order to provide the
current work engagement measurement context. Next, I describe in detail the dominance and
ideal point psychometric frameworks and the theoretical arguments and empirical evidence
supporting the use of ideal point models for self-report work engagement measurement. The
three studies just described are then conducted to investigate the use of the ideal point framework
for work engagement. The description of each study includes the methodology used, analytic
results, and discussion. Finally, I provide a general discussion of the results of the three studies
including the primary contributions of the current research, limitations, and directions for future
research.
Literature Review
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Theories of Work Engagement
While many theories of work engagement have been proposed, three theories in
particular have received the most attention from engagement scholars. This section focuses on
the development of and research around these three frameworks. This review describes the
current state of work engagement theory, and was used in the operationalization of the IPWES,
as well as to identify important predictor and criterion variables to include in the scale validation.
Kahn’s role expression model. Much organizational research on work engagement can
be traced to the ethnographic research of Kahn (1990). Kahn’s basic insight was that workers
vary in the extent to which they attach and detach their psychological selves to/from the work
role depending on their perceptions and experiences of the work and work context. Kahn termed
this construct “personal engagement” and defined it as “the harnessing of organization members’
selves to their work roles; in engagement, people employ and express themselves physically,
cognitively, and emotionally during role performances” (p. 694). He similarly defined “personal
disengagement” as “the uncoupling of selves from work roles; in disengagement, people
withdraw and defend themselves physically, cognitively, or emotionally during role
performances” (p. 694).
According to Kahn (1990), three critical psychological conditions jointly determine
workers’ decisions to invest their physical, cognitive, and emotional selves in their work:
perceptions of the work’s meaningfulness, safety to engage, and availability to engage. The
meaningfulness of work involves the sense of return on investments of the self when performing
in the role. In general work is meaningful when one is asked or expected to give some form of
physical, cognitive, or emotional energy to others and to the work itself and in return—either for
intrinsic reasons or due to responses from others—feel dignified, useful, worthwhile, and
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valuable. Influences of the perception of the work’s meaningfulness include the attractiveness of
the job role identity and its fit with one’s preferred self-image, job and task characteristics (e.g.,
employee voice, task variety, challenge, autonomy), extrinsic (e.g., pay) and intrinsic (e.g.,
recognition) rewards, connection with others, and a clear, direct relation between perceived
effort invested and rewards received.
Psychological safety regards the belief that one can fully express his or her self without
experiencing negative consequences to one’s self-image, status, or career. The worker can say
what s/he thinks or feels, reveal what is known or not known, be creative, work out differences
with others, and overall express the true self openly and without penalty. Consequences or
penalties that undermine psychological safety include formal or informal roadblocks to
promotion, reduced status and visibility, lowered self-image, and negative behaviors or reactions
from supervisors or colleagues. Some influences of this condition include the amount of trust,
support, flexibility, and openness garnered from interpersonal relationships with colleagues and
leaders, as well as organizational norms around expectations about member behaviors.
Finally, psychological availability involves feeling that one has the physical, cognitive,
and emotional resources necessary to perform in a role at a given moment. Perceived availability
is undermined by four types of distractions: depletion of physical energy levels (e.g., exhaustion
from long hours of work), depletion of emotional energy levels (e.g., frustration from task
difficulty, heavy demands for attention from others), individual insecurity (e.g., job security
perceptions, self-confidence, perceptions of person–job fit), and issues in one’s nonwork life
(e.g., family interference with work). Availability may also be increased by experiencing events
that increase physical and emotional energy, reduce insecurity, and reduce distractions from
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nonwork life (e.g., experiencing an emotional high after meeting a new romantic partner,
experiencing recent success on a previous task).
Kahn (1990) argued that if these three psychological conditions are satisfied, workers
will both employ and express their physical, cognitive, and emotional self into their
performance-related behaviors. This allows one to drive personal energies into physical,
cognitive, and emotional labors, which is believed to underlie things like effort, involvement,
intrinsic motivation, and flow, and lead to high job performance. Personal disengagement, on
the other hand, is a withdrawal and defense of the preferred self in behaviors which occurs when
one or more of the three psychological conditions are not satisfied. In this state, a person
removes their physical, cognitive, and emotional energies from the role, resulting in a lack of
connections to work. This creates passive and incomplete role performances, and may underlie
effortless, robotic, and detached, behaviors.
Kahn’s (1990) theory is considered groundbreaking and highly influential in the area of
work engagement, however there has been a relative paucity of research testing the proposed
relationships. This is likely due to the lack of validated work engagement measures until about a
decade later. Even after these measures were developed, they were built around other theoretical
frameworks (e.g., Schaufeli, Leiter, Maslach, & Jackson, 1996; Schaufeli et al., 2002).
Nonetheless, there is empirical evidence that supports the position that meaningfulness,
psychological safety, and psychological availability are important predictors of work
engagement (Byrne, Peters, & Weston, 2016; May, Gilson, & Harter, 2004; Rich, LePine, &
Crawford, 2010; Saks, 2006). There is also evidence that work engagement predicts criteria
consistent with the theory such as task performance, contextual performance, and burnout (Byrne
et al., 2016; Christian et al., 2011; Rich et al., 2010; Rothbard, 2001; Saks, 2006).
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The “opposite-of-burnout” perspective. After Kahn (1990) introduced the construct of
work engagement, very little work was done in the area until the late 1990s and early 2000s. At
this point two new and related work engagement theories emerged and facilitated a great amount
of empirical research because each was intimately linked with a measure. These two theories did
not build on Kahn’s theory but instead emerged from the job burnout literature.
Job burnout refers to a syndrome characterized by feelings of physical and emotional
exhaustion (exhaustion), a callous attitude toward one’s job (cynicism), and perceptions of
reduced ability to carry out one’s duties (reduced professional efficacy, or simply “inefficacy”;
Maslach, Jackson, & Leiter, 1996; Maslach, Schaufeli, & Leiter, 2001). The common approach
to understanding burnout has been to focus on job characteristics. The job demands–resources
(JD–R) model (Bakker & Demerouti, 2007; Bakker et al., 2014; Demerouti, Bakker, Nachreiner,
& Schaufeli, 2001), which is the most popular and well-supported framework of burnout’s
predictors and criteria, emphasizes the role of job design factors and what are referred to as
“personal resources” in facilitating or reducing burnout. Employees are thought to become
burned out when they experience chronic exposure to work stress from some combination of
high job demands, few supportive resources from the job, and a depletion of their own personal
energies (Bakker et al., 2014; Hobfoll & Freedy, 1993). Job demands are aspects of work that
require psychological or physical effort and come with psychological and physical costs. Role
ambiguity, role conflict, workload, and time pressure are considered job demands. Job
resources, on the other hand, are aspects of work that facilitate work goal achievement, reduce
job demands and their costs, and/or stimulate personal growth and development. Coworker and
supervisor support, developmental opportunities, autonomy, and feedback are common job
resources. Finally, personal resources are individuals’ self-perceptions of their ability to control
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and successfully impact the environment, which lead to positive self-regard and intrinsicallymotivated goal pursuits. Personal resources include self-efficacy, self-esteem, and optimism.
Empirical research generally supports that job demands (positively), job resources
(negatively), and personal resources (negatively) predict burnout (Alarcon, 2011; Alarcon,
Eschleman, & Bowling, 2009; Crawford et al., 2010; Lee & Ashforth, 1996; Nahrgang,
Morgeson, & Hofmann, 2011). In turn, burnout has been associated with a number of healthand work-related criteria such as mood (e.g., depressive symptoms) and sleep disturbances,
musculoskeletal and gastrointestinal problems, negative job attitudes (e.g., job satisfaction,
organizational commitment), increased absenteeism and turnover intentions, and lower
performance (Alarcon, 2011; Lee & Ashforth, 1996; Swider & Zimmerman, 2010).
In line with a greater movement towards studying positive psychology rather than
dysfunction alone (Seligman & Csikszentmihalyi, 2000), Maslach and her colleagues (e.g.,
Maslach et al., 1996; Maslach & Leiter, 1997) reframed burnout as the erosion of a positive state
which they referred to as engagement. They posited that burnout and engagement are opposite
ends of the same continuum. They thus defined engagement as a positive work-related state
characterized by high energy and involvement and enhanced professional efficacy. Consistent
with their view that work engagement is the direct opposite of burnout, they posited measuring
work engagement by simply reverse-scoring response data from their well-established measure
of burnout, the Maslach Burnout Inventory (MBI, discussed in the “Current Measures of Work
Engagement” section further below). Research from this particular perspective, however, has
tended to focus on the burnout end of the continuum as well as workplace interventions to
alleviate this condition and shift employees back to experiencing engagement (e.g., Leiter &
Maslach, 2000, 2010).
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The Schaufeli et al. model. Schaufeli et al. (2002) noted the substantial lack of attention
given to work engagement from the burnout perspective as well as the relationship between
burnout and work engagement. They further argued that while the two are opposite concepts,
they should be independently measured with separate instruments. They subsequently developed
a new measure specifically for work engagement, though they based it on a unique work
engagement conceptualization they developed rather than simply using the energy, involvement,
and efficacy MBI-based conceptualization. Based on a theoretical analysis of prior qualitative
work, Schaufeli et al. (2002) conceptualized work engagement as “a positive, fulfilling, workrelated state of mind that is characterized by vigor, dedication, and absorption” (p. 74). They
identified two dimensions essentially isomorphic with two of Maslach and colleagues’ proposed
burnout–engagement dimensions. The first dimension is activation, which ranges from
exhaustion to vigor. They defined vigor as an affective state of physical and psychological
energy and resilience that includes persistence through difficulties and a willingness to invest
effort in work. The second dimension is identification, which ranges from cynicism to
dedication. They defined dedication as feelings of enthusiasm for, personal identification with,
and pride in one’s work as well as a significant level of involvement in that work. Finally, they
identified a third, unique aspect of work engagement called absorption. Absorption is defined as
a deep level of focus and an immersion in one’s work as time seems to pass by quickly.
Schaufeli et al. (2002) described absorption as similar to the complex, momentary, “peak”
experience of flow (Csikszentmihalyi, 1990), though absorption is considered less complex,
more enduring, and not necessarily associated with a specific activity. Work engagement here is
thus conceptually opposite to burnout but cannot be measured simply by reversing scores on the
MBI given its differing structure. Schaufeli et al. subsequently developed the Utrecht Work
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Engagement Scale (UWES, discussed in the next section) to measure work engagement based on
their theoretical framework.
In terms of predictors of work engagement, the JD–R model contends that job resources
facilitate a motivational process that produces positive criteria such as work engagement
(Bakker, Demerouti, & Schaufeli, 2003; Schaufeli & Bakker, 2004). The motivating influence
of job resources is theorized to come from their intrinsic and/or extrinsic motivating potential
(Bakker & Demerouti, 2007). Intrinsically, they may fulfill basic psychological needs. For
example, decision latitude may satisfy the need for autonomy, coworker support may satisfy the
need for relatedness, and opportunities for development may satisfy the need for competence. In
terms of extrinsic value, job resources may provide the worker with additional necessary
resources and serve an instrumental role to goal achievement. For example, coworker support
may help one successfully complete a project or solve a problem by providing guidance and
taking on some of the work.
The impact of job demands on work engagement, on the other hand, is more complex
than that of job resources. Job demands can be subcategorized into two types—challenging
demands and hindering demands (Crawford et al., 2010; Van den Broeck, De Cuyper, De Witte,
& Vansteenkiste, 2010). According to this “differentiated JD–R model,” challenging job
demands, while requiring an investment of psychological and/or physical resources, have
positive effects on engagement because they provide learning, personal or professional growth,
or allow workers to demonstrate their ability. Challenging job demands include workload and
cognitive demands, and much like job resources, are positively related to work engagement.
Hindering job demands, on the other hand, not only come with psychological and/or physical
costs, they undermine engagement by serving as barriers to personal growth and development
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and roadblocks to achieving work goals. Dealing with hindering job demands such as role
conflict and administrative hassles yields minimal or no positive criteria for employees, and
negatively impacts engagement.
Individual differences such as personality traits and personal resources have also been
proposed as predictors of work engagement (Inceoglu & Warr, 2011; H. J. Kim, Shin, &
Swanger, 2009; Langelaan, Bakker, van Doornen, & Schaufeli, 2006; Macey & Schneider, 2008;
Mäkikangas, Feldt, Kinnunen, & Mauno, 2013). Several different perspectives have been
introduced to the literature, but in general they converge on the idea that personality impacts
engagement via influencing how individuals appraise and respond to their environments. From
the JD–R model perspective, engagement is impacted by individual differences related to the
ability to mobilize job resources and/or cope with job demands (Bakker et al., 2014). Theoretical
and empirical reviews have concluded that that the Big 5 personality traits of extraversion and
conscientiousness are consistently positively related to work engagement (Christian et al., 2011;
Halbesleben, 2010; Mäkikangas et al., 2013). To a less consistent degree, neuroticism has been
found to be negatively related to work engagement. Broad motivational traits have been shown
to relate to work engagement as well. For example, approach temperament, a general sensitivity
to positive stimuli, is positively related to work engagement while avoidance temperament, a
general sensitivity to negative stimuli, is negatively related to work engagement (DeNunzio &
Naidoo, 2013). Proactive personality has also been found to be positively related to work
engagement, both directly, and indirectly via behaviors related to changing job demands and job
resources (Bakker et al., 2012). Overall, there is a strong body of research demonstrating that
both situational and individual factors are important predictors of work engagement.
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As with the other two theories, work engagement studied through the lens of the
Schaufeli et al. (2002) theory has been associated with numerous important criteria. Among
these criteria are increased performance (Christian et al., 2011; Halbesleben, 2010) and safety
outcomes (Nahrgang et al., 2011), positive job attitudes such as job satisfaction and
organizational commitment (Byrne et al., 2016; Christian et al., 2011; Cole, Walter, Bedeian, &
O’Boyle, 2012; Halbesleben, 2010), fewer health-related problems (Cole et al., 2012;
Halbesleben, 2010), better recovery from work (Sonnentag, Mojza, Demerouti, & Bakker, 2012),
and decreased absenteeism and turnover intentions (Halbesleben, 2010; Schaufeli, Bakker, & van
Rhenen, 2009). These positive criteria occur because when individuals are engaged in their
work, they have increased physical and psychological energies available to drive into their work.
They feel energized forms of positive affect and total focus. This state of body and mind
enhances their performance, decreases withdrawal behaviors and negative health criteria, and
improves their attitudes about the job.
Conceptual summary and integration. All three theories summarized above generally
converge in their conceptualizations of a bipolar motivational state that includes the concept of
work engagement. Though the conceptualization of the negative pole differs across the theories,
a similar “engagement” concept is positioned at the positive pole. The remainder of this
dissertation generally uses the term work engagement to refer to a continuum ranging from
disengagement to engagement. Standings toward the positive end of the work engagement
continuum include feeling highly activated positive emotions and a sense of involvement or
absorption in work, while standings toward the negative end of the continuum include feeling
negative emotions low in activation and withdrawal or a disconnection from one’s work. Across
the theories, however, there is some inconsistency in terms of whether standings on the negative

16

end also include feeling burned out or at least exhaustion. In other words, are individuals very
low on work engagement necessarily physically and emotionally depleted, or are they just unable
or unwilling to channel physical energy in the work? High exhaustion and low engagement may
simply co-occur due to common drivers, or perhaps exhaustion is even a predictor of
(dis)engagement.
The present research uses an engagement conceptualization in which the experience at
the negative end includes feelings of withdrawal and detachment, but not necessarily burnout—
at least not in the sense of physical and emotional depletion. This is more consistent with Kahn’s
(1990) work, and highly consistent with approach/avoidance theory in general and control theory
in particular (DeNunzio & Naidoo, 2013). The approach and avoidance motivation systems refer
to two broad, multifarious systems that operate in the nervous system and underlie much of
human affect, behavior, and cognition (Carver, Sutton, & Scheier, 2000; Elliot & Covington,
2001). These two motivation systems lie at the core of human self-regulation, operate at many
levels of abstraction (e.g., trait, state), and underlie psychological processes in any domain. The
approach motivation system—which conceptually maps onto engagement—is responsible for
regulating behavior aimed at moving toward desired end-states while the avoidance motivation
system is responsible for regulating behavior aimed at moving away from undesired end-states
(Carver & Scheier, 1998). One’s successes and failures during approach-related pursuits are
indicated internally by the experience of high-activation positive affect (e.g., vigor) and lowactivation negative affect (e.g., dejection), respectively. High-activation positive affect narrows
the breadth of attention to increase focus on goal pursuits while the low-activation negative
broadens the breadth of attention to allow new goals or new goal pathways to be discovered
(Harmon-Jones, Price, & Gable, 2012).
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The state of being highly engaged closely resembles the experience of doing well during
approach pursuits—feeling energized, enthusiastic, and being deeply focused on work. Work
engagement involves an approached-related focus whereby employees are enthusiastic and
excited to submerse themselves in their work since they find this work interesting, meaningful,
and consider it something that leads to positive criteria. Here, we see the definition of high
engagement from all three theories discussed above in full swing. In a similar vein, the state of
disengagement closely resembles the experience of doing poorly during approach pursuits—
feeling listless and discouraged and experiencing a lack of focus. The employee feels as if he or
she is not getting what is wanted out of the work. Thus, there is low energy, negative feelings,
and a distinct lack of focused attention. Overall, the state of work engagement reflects an
approach-related motivational state at work wherein the level of the experience depends on how
well (or poorly) one is doing in the pursuit of his or her approach-related goals.
A final note on this integrative perspective is that it also accounts for intermediate levels
of engagement rather than just high or low as the individual theories do. In other words, control
theory’s self-regulatory perspective can address what someone might be experiencing if they are
a little engaged (e.g., the worker feels relatively positive though not enthusiastic, and is focused
though not “in the zone”), a little disengaged (e.g., the worker feels a little frustrated though not
dejected, and is unfocused though not completely disconnected from the goal), or very much in a
neutral state (neutral affect, moderate focus). This intermediate range is important to consider
and conceptualize because this is where most people typically fall. This is also important to
focus on as effective operationalization depends on having a strong understanding of the entirety
of the construct including the full range of what it “looks like.” As will become clearer further
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below when the discussion shifts to psychometrics, conceptualizing this intermediate range can
become critical when working with certain measurement models.
Research by DeNunzio and Naidoo (2013, 2015, April) supports this motivational
perspective. This work has demonstrated that work engagement is positively related to approach
temperament and approach-related workplace behaviors whereas it is negatively related to
avoidance temperament and avoidance-related behaviors. This integrative perspective of work
engagement is useful because it allows researchers and practitioners to draw from theory and
findings based on each of the theoretical frameworks described in this section as well as the
broader motivation literature. The latter is particularly important and advantageous because the
motivation literature is highly developed and covers motivation at multiple levels of abstraction
(e.g., values, goals, traits, states, behaviors). The present research will thus use this integrative
definition of the work engagement continuum to guide the development of the new ideal point
scale.
In terms of operationalization, each of the three theoretical frameworks summarized in
this section is strongly associated with a specific measure, and each of the extant engagement
measures in the literature is based on a specific theory. Thus, while the theories can be
integrated at a high level, measuring engagement currently requires using a theory-specific
measure. For example, the MBI and UWES are strongly embedded in their respective theories
and the body of empirical research testing each theory relies almost exclusively on those
measures. A few measures have been developed using Kahn’s theory as the underlying
conceptual framework (e.g., May et al., 2004; Rothbard, 2001). One in particular, the Job
Engagement Scale (Rich et al., 2010), has become the most prominent and is increasingly being
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used by researchers. Attention is now turned to the development of and extant validity evidence
for each of these thee measures.
Current Measures of Work Engagement
The primary purpose of this dissertation is to construct and validate a new measure of
work engagement. In building towards a description of the development of this new measure,
the present section describes several influential work engagement measures that were developed
based on the theories discussed in the previous sections. The development of and research
around one primary measure from each of these three work engagement frameworks is
described, including the extant validity evidence, psychometric properties, and measurement
issues for each.
The Maslach Burnout Inventory. The MBI, which is based on Maslach et al.’s (1996;
Maslach & Leiter, 1997) theory, is perhaps the first self-report work engagement measure
developed in the literature. As per its name, this measure was originally developed to assess job
burnout. Maslach et al. theorized that work engagement is the opposite of burnout, and
accordingly posited using reversed MBI scores to measure work engagement.
The original version of the MBI, now referred to as the Human Services Survey (MBI–
HSS), was tailored to individuals working in human services (e.g., nurses, doctors) because
burnout was originally conceptualized to be specific to that domain (Freudenberger, 1974;
Maslach & Jackson, 1981). The human services-based burnout dimensions include emotional
exhaustion, depersonalization, and reduced personal accomplishment, which respectively
correspond to exhaustion, cynicism, and reduced professional efficacy dimensions from the
generalized conceptualization of burnout. The human services-based dimensions are largely the
same as those from the generalized dimensions with the exception that depersonalization and
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reduced personal accomplishment focus on the recipients of services provided by the employee.
Specifically, depersonalization refers to callousness and impersonal responses toward recipients
of one’s care and reduced personal accomplishment refers to reduced feelings of competence and
achievement in one’s work with people.
Burnout researchers subsequently expanded burnout to apply to all workers, not just
those who do “people work” (for reviews, see Maslach et al., 1996; Maslach et al., 2001). This
generalized conceptualization of burnout led to the development of the MBI–General Survey
(MBI–GS; Schaufeli et al., 1996; see Appendix B), which has items worded very similarly to
those from the MBI–HSS but refer to the respondent’s work in general rather than working with
people. The MBI–GS was constructed using confirmatory factor analysis (CFA) with selection
criteria based on skew and kurtosis to initially reduce the original pool of items. Subsequent
factor analyses and regression analyses were used to further reduce the pool to a final set of 16
items across its exhaustion (5 items), cynicism (5 items), and professional efficacy (6 items)
subscales. These results were replicated across additional samples using CFA, demonstrating the
factorial validity of the measure. These items are presented in Appendix B.
Maslach et al. (1996; Maslach & Leiter, 1997) stated that the MBI can be used to
measure work engagement by reversing scores on each subscale because burnout and work
engagement are theoretically opposite states (e.g., Maslach & Leiter, 2008). However, although
a large body of empirical work supports the construct validity of both versions of the MBI as
measures of burnout (see previous section; see also Alarcon, 2011; Crawford et al., 2010; Lee &
Ashforth, 1996; Maslach et al., 2001; Schaufeli, Leiter, & Maslach, 2009; Swider &
Zimmerman, 2010), this evidence does not support that these instruments can adequately tap the
full burnout–engagement continuum. One fundamental issue with using this measure to tap the
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full continuum is that it is commonly administered with a 5- or 7-point unipolar frequency
response scale ranging from “never” to “always.” According to Russell and Carroll (1999), this
type of response scale only allows for the assessment of, at most, half of a bipolar continuum.
With this response scale, the frequency of experiencing indicators of high burnout do not
necessitate or preclude any particular frequency of experiencing the opposite state. For example,
“never” feeling exhausted does not imply “always” feeling energetic. A second, equally
fundamental issue is that the MBI was not originally developed to measure work engagement
and does not include items designed to tap the work engagement conceptual space. Table 1
provides a summary of the potential issues of this scale and the other two scales summarized
below.
The Utrecht Work Engagement Scale. The Utrecht Work Engagement Scale (UWES;
see Appendix C) was developed to measure work engagement as conceptualized by Schaufeli et
al. (2002). As noted in the previous section, Schaufeli et al. agreed with Maslach et al.’s (1996;
Maslach & Leiter, 1997) position that work engagement is the positive antipode of job burnout,
but argued that it was important to develop a separate, dedicated measure of work engagement to
better understand the relationship between the two concepts, and also because they believed
work engagement to have slightly different dimensions than job burnout.
Schaufeli et al. (2002) developed the initial pool of UWES items to represent their three
engagement dimensions of vigor, dedication, and absorption. The item pool was first reduced by
iteratively removing items that either reduced reliability or did not improve reliability. CFA was
then used to compare the fit of two models: (a) a model with one higher-order latent work
engagement factor, and (b) a model with three correlated latent factors representing vigor,
dedication, and absorption. The three-factor model demonstrated acceptable fit to the data and,
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as hypothesized, fit the data significantly better than the one-factor model (but note that the three
latent factors were highly correlated). Similar to the MBI measures, the UWES is typically
administered with a 7-point frequency response scale ranging from “never” to “always.”
A large body of empirical evidence supports the use of the UWES as a measure of the
work engagement end of the continuum. For example, consistent with the JD–R model, metaanalytic research has demonstrated a positive relationship between UWES scores and job
resources and job challenges and a negative relationship with job hindrances (Crawford et al.,
2010). Moreover, narrative and meta-analytic reviews demonstrate that UWES scores are
consistently associated with important positive criteria like reduced negative health symptoms,
absenteeism, turnover, and counterproductive work behaviors, and increased job satisfaction,
organizational commitment, task performance, and organizational citizenship behaviors (Bakker
et al., 2014; Christian et al., 2011; Cole et al., 2012).
Overall, because of this support and its availability in many languages, the UWES has
become the most commonly used measure of work engagement in the literature. However, as is
the case with the MBI, the UWES was specifically developed to measure one pole of the
construct only and, moreover, uses the same unipolar response scale which can only be used to
assess at most half of the bipolar continuum. It should be noted that the developers of the UWES
never stated that it could be used to measure the opposite state and indeed justified its
development by stating the need for a dedicated measure of the work engagement end of the
continuum so that the relationship of work engagement and burnout could be empirically
investigated. Thus, even though both of these theories describe a bipolar work engagement
construct, neither the MBI nor UWES, nor any other measure drawing from these theories tap
the full conceptual space.
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The Job Engagement Scale. Kahn (1990), who introduced the concept of work
engagement to the literature, developed his theory from data obtained via qualitative research
methods such as observation and interviews. It was not until over a decade later that researchers
began to develop self-report survey measures tapping work engagement based on this particular
theory (e.g., May et al., 2004; Rothbard, 2001). The most prominent of these measures based on
this theory is Rich et al.’s (2010) Job Engagement Scale (JES, see Appendix D).
Rich et al. (2010) compiled a set of 18 items by drawing from various extant measures
found in a targeted literature search and modified them for clarity and conceptual alignment with
Kahn’s (1990) physical, cognitive, and emotional engagement dimensions. An EFA applied to
data from an initial sample yielded a three-factor solution. They then cross-validated the
measure using data from an independent sample and found further support for the three-factor
solution over a one-factor solution based on CFA results. Given the strong intercorrelations
among the latent variables, they modeled a second-order engagement factor in addition to the
first-order subdimensions. Results supported the specification of this second-order factor. The
main study demonstrated further evidence of the hierarchical structure of their measure.
Moreover, the measurement model and correlation matrix provided discriminant validity
evidence by supporting the distinction of the JES from measures of related constructs including
job involvement, job satisfaction, and intrinsic motivation. As hypothesized by the authors,
scores on the JES were predicted by the predictors of value congruence, perceived organizational
support, and core self-evaluations, and predicted the criteria of task performance and
organizational citizenship behavior.
Although the JES is fairly new to the literature, additional validity evidence regarding its
factorial structure and relationships with predictors and criteria has accumulated through its use
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in a number of individual studies (e.g., Alfes, Shantz, Truss, & Soane, 2013; Byrne et al., 2016;
Chen, Yen, & Tsai, 2014; de Mello e Souza Wildermuth, Vaughan, & Christo‐Baker, 2013 ; He,
Zhu, & Zheng, 2014; Shuck, Twyford, Reio, & Shuck, 2014). Byrne et al. (2016) is perhaps the
most notable as these authors investigated and compared relationships between the JES and the
UWES with measures of several predictors and criteria, as well with each other.
First, results from CFAs across five independent samples supported the three-factor
structure of the measure over a single-factor structure (the fit of a hierarchical model with a
second-order engagement variable was not investigated, however). Second, in terms of the
nomological network, the JES demonstrated significant relationships with measures of the
following: For predictors, positive relationships with perceived supervisory support, perceived
organizational support, psychological meaningfulness and psychological safety, but not
perceived stress (over and above perceived supervisory support), psychological availability (over
and above psychological meaningfulness and job resources), and job resources (over and above
psychological meaningfulness and psychological availability); for criteria, positive relationships
with job performance and organizational commitment, but not supervisory commitment and job
commitment, and a negative relationship with burnout, but not physical strains. One notable
finding was that the UWES demonstrated a highly similar pattern of relationships with these
correlates as the JES, though in almost all cases the UWES demonstrated stronger relationships
with the correlates.
Third, in terms of convergent validity, the JES was found to be related to, but distinct
from, the UWES via relationships with each other and the pattern of relationships with predictors
and criteria. Moreover, the discriminant validity of the JES with the aforementioned predictors
and criteria, including organizational commitment and job burnout, was supported. The authors
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concluded that while the two measures assess an overlapping portion of the same construct, the
UWES assesses a broader domain than the JES. More specifically, the UWES was argued to
assess overlapping peripheral constructs related to engagement given the stronger relationships
with almost all correlates.
Taken together, the results from studies using the JES support its use to measure work
engagement based on Kahn’s (1990) conceptualization and theory. The measure taps aspects of
engagement from each of the three dimensions specified by Kahn, and these dimensions were
found to be distinct. Beyond the factor structure, JES scores are predicted by measures of the
critical psychological conditions specified by Kahn (or highly related constructs), and predict
higher performance (e.g., task performance, organizational citizenship behaviors) and
organizational commitment, and reduced burnout. As with the other two measures, however,
there is no psychometric evidence that this measure can tap the full bipolar continuum. All items
are positively worded and their content reflects high standings on the continuum. The main
difference in the case of the JES is that it uses an agreement response scale, but the argument is
similar—disagreement with any of the indicators of work engagement does not necessitate
feeling disengaged. For example, strongly disagreeing with the item “At my job, I am very
resilient, mentally” does not necessarily mean that one feels mentally weak, just not “very
resilient.”
Current issues with work engagement scales. A fundamental issue with each of the
three measures is that, based on their conceptualization and item content, they were all originally
designed to tap either one end of the bipolar engagement continuum or the other rather than the
full continuum. They also require making the assumption that low item scores indicate standings
on the opposite end of the continuum. Specifically, the UWES and JES were each developed
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based on conceptualizations of the work engagement end and thus only include items designed to
tap the positive pole. Similarly, the different versions of the MBI were developed based on a
conceptualization of burnout and only include items designed to tap the negative pole. Figure 1
maps out each scales’ theoretical coverage of the latent continuum (also included are the new
measures developed in this dissertation). Since each of these measures arguably is based on a
bipolar conceptualization of work engagement, they would all be construct deficient because
they underrepresent important portions of the construct domain—perhaps as much as half of its
conceptual space. This is a serious construct validity issue and one that a newly developed scale
should remedy.
Previous research has sought to ameliorate this issue by investigating whether positive
and negative work engagement items from different extant measures can be scaled together to
measure a bipolar continuum. However, this research has demonstrated mixed results and
problems arising due to the reliance on traditional analytic methods. For example, a few studies
have used CFA models to investigate the interrelationship and underlying structure of
engagement items from the UWES and burnout items from a few different scales including the
MBI (Demerouti, Mostert, & Bakker, 2010; González-Romá, Schaufeli, Bakker, & Lloret, 2006;
Schaufeli et al., 2002). However, this methodology is inappropriate because the relationship
between the positive and negative items is nonlinear rather than strong and linear as one might
assume and as factor analysis assumes (González-Romá et al., 2006). As was noted above, items
from the MBI and UWES assess ostensibly half of the latent continuum because of the unipolar
frequency response format used (Russell & Carroll, 1999). For example, imagine an employee
responding to the engagement item “At my job, I feel bursting with energy,” and the burnout
item “I feel emotionally drained from my work.” In this situation, she could indicate that she
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never feels bursting with energy. She could also indicate that she never feels emotionally
drained from her work, and this would not be incompatible with her response to the engagement
item. If she is not at all engaged in her work but also not at all burned out this is an appropriate
response pattern. She might instead have a relatively neutral level of the construct. Similarly,
the employee could indicate any frequency—high, moderate, or low—for either item and those
responses would not necessarily be incompatible. For example, she could indicate that she feels
bursting with energy always and also feel emotionally drained sometimes. She could even
always feel both bursting with energy and emotionally drained if she is constantly energized and
excited at work then subsequently always drained afterwards. In summary, certain frequencies
on engagement items do not necessitate or preclude certain frequencies on burnout items, which
demonstrates a fundamental flaw with trying to scale these items together using traditional linear
methods.
Given these nonlinear relationships, the results of a factor analysis applied to a
unidimensional bipolar dataset can spuriously suggest a two-factor model with positive and
negative items loading on separate factors. This occurs because of the strong linear relationships
among the positive items and among the negative items, and weaker relationship between pairs
of positive and negative opposites that in many cases approaches zero (see also van Schuur &
Kiers, 1994). Consequently, a measurement model that does not assume strong linear
relationships between responses to pairs of items would be necessary to test this research
question without violating the underlying assumptions of the analyses. Unsurprisingly, the factor
analytic investigations into the bipolarity of work engagement and burnout have not found
consistent support that a single factor can account for individuals’ response patterns on items
from opposing ends of the construct.
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One solution to this problem posed by González-Romá et al. (2006) was to use a
nonlinear IRT model to scale the items together. They selected Mokken scale analysis (MSA; see
Sijtsma & Molenaar, 2002; van Schuur, 2003, 2011), a nonparametric IRT scaling procedure for
cumulative items2, to answer their main research question of whether MBI and UWES items
from thematically opposite subscales can be scaled along common bipolar dimensions. Results
provided partial support that the items can be scaled together. However, there are important
empirical and theoretical caveats with this research.
Empirically, a major problem is that MSA is an inappropriate method for scaling
opposing items along a bipolar continuum. One reason involves the requirement that burnout
items be reverse-scored to be included with the work engagement items so that all scores are
interpreted in the same direction (i.e., higher scores indicate higher work engagement).
However, this is only appropriate if the meaning of the scores for the reflected and non-reflected
items is the same. As was discussed above, reversing item scores on these instruments is
problematic given that the response scales force the items to measure only half of the continuum
(e.g., “never emotionally drained” does not equal “always strong and vigorous”). Subsequently,
reversed burnout item scores do not necessarily provide the same meaning as work engagement
item scores (and vice-versa), making total scores a questionable measure of respondents’
locations on the continuum.
Another reason is that the Mokken model assumes hierarchical item ordering, meaning
that the items are designed to range in their “difficulty” or level of the construct, and are rankordered as such. Those who positively respond to the most positive items are then assumed to

2

A set of items forms a cumulative scale if they can be hierarchically ordered along a unidimensional
continuum according to the construct level required to positively endorse the item (i.e., they are ordered by their
degree of “difficulty,” typically using item means).
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positively respond to all items lower on the construct. Demerouti et al. (2010) noted that this
does not characterize either the UWES or the MBI. Even if one were to consider the work
engagement items to be the more “difficult” ones, the model assumptions are still problematic.
For example, respondents located in the intermediate region of the latent continuum—those who
are neither burned out nor engaged—may identify experiencing various frequencies of both
burnout and work engagement indicators since neither may exclusively characterize them. This
would create scoring violations where respondents may provide lower-scored responses to some
“easier” items (e.g., moderate frequencies on burnout items and low frequencies on engagement
items) and/or higher-scored responses to some “more difficult” items (high frequencies on both
burnout and engagement items). Subsequently, while the use of MSA circumvents the linearity
problem, it brings the item directionality and ordering and response pattern assumptions that
present problems for a set of items ostensibly measuring a bipolar construct.
Overall, there is currently no empirically- and theoretically-supported method of
measuring the full bipolar continuum of work engagement. Another important conclusion here is
that the assumptions of dominance models present problems and restrictions for analyzing
bipolar data. This is argued to occur because these models, which assume a linear or at least
monotonic (i.e., nondecreasing) relationship between the underlying construct and item
responses, do not provide an appropriate mathematical translation of the structure of a bipolar
dataset (Tay & Drasgow, 2012; van Schuur & Kiers, 1994).
Thankfully, there are indeed more flexible measurement models that do not make such
assumptions. These models, called ideal point models, are based on the proximity or distance
between items and respondents. They assume that respondents implicitly adopt a location along
the latent continuum—which in this case would be the bipolar work engagement continuum—
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and endorse items close to that location while rejecting those that are farther away. They also do
not assume linear or monotonic relationships among the items in a scale. While the construction
and use of all prior engagement scales has assumed dominance models are the best approach (or
perhaps the only approach), it may be that ideal point models can be more effective in some or
even all cases. The next section provides a more thorough description and comparison of the
dominance and ideal point frameworks.
Advancing Work Engagement Measurement Using Ideal Point Models
The measurement review that was just presented noted that there can be important
restrictions that fly in the face of theory (i.e., bipolarity) when using traditional, commonly-used
psychometric approaches to develop and score work engagement scales. More broadly,
researchers are beginning to call attention to the limitations of traditional methods and the
potential superiority of alternative models for non-ability measurement (Drasgow,
Chernyshenko, & Stark, 2010). This has led to an increased focus on the theoretical item
response process that individuals use on self-report measures. The item response process is
important because psychometric methods are undergirded by assumptions about how the
construct becomes manifest through item responses. For example, dominance methods like
factor analysis and sum scoring assume that more positive responses are always indicative of
higher standings on the construct. This underlying assumption derives from the ability testing
literature (e.g., Spearman, 1904) and was subsequently applied to non-ability measurement via
the introduction of the attractive, streamlined methods that are currently extremely popular
(Likert, 1932). However, this is problematic because individuals may not use the same process
to respond to these very different types of items. With ability testing, higher ability leads to
higher scores at all levels of item difficulty (i.e., a dominance process), whereas with non-ability
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measurement, individuals respond based on how closely they judge the items to characterize
themselves (i.e., an ideal point process). Such misalignment of the methods applied and the
response process followed has important negative implications for the construct validity of
measures.
Although the use of dominance models is ubiquitous in the work engagement literature,
the appropriateness of the dominance response process for self-report work engagement
measurement has not been thoroughly examined. I argue that individuals in fact use an ideal
point process when responding to work engagement items—that is, they think about the extent to
which work engagement indicators characterize themselves and endorse those that are close to
their latent standing. Below I discuss the dominance and ideal point response processes and their
associated models, the measurement context each is argued to be best suited for, and the research
that pertains to these arguments. This is meant to build a case that the ideal point framework is
more appropriate than the dominance framework for the measurement of work engagement and
to demonstrate how a transition to ideal point methods may advance engagement research and
practice.
The dominance response process. All work engagement measures in the literature are
based on the method of scaling and scoring originally proposed by Likert (1932). Scales are
created using classical test theory (CTT) methods and are scored by summing or averaging item
response values across items. This implies a dominance response process (Coombs, 1964) in
which respondents with higher standings on the construct are more likely to provide positive
responses across all items (including negative items after reverse-scoring). Moreover, there is a
linear or monotonic relationship such that as the respondent’s standing on the construct
increases, the probability of a positive response continually increases or at least does not
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decrease. This approach allows persons to directly score themselves on the trait via their item
scores.
Examples of dominance models include those based on CTT (e.g., reliability models,
item–total correlations), factor analytic models, Mokken models (e.g., the monotone
homogeneity model), and logistic IRT models (e.g., the two-parameter logistic model [2PLM],
the graded response model [GRM]). For example, the equation relating an item score with the
underlying latent construct from the CFA model can be written as
𝑥𝑥𝑖𝑖 = λ𝑖𝑖 ξ + δ𝑖𝑖 ,

where xi is the observed score on item i, λi is the factor loading for item i, ξ is the respondent’s
score on the latent variable, and δi is the residual for item i. From the equation, it can be seen
that as the respondent’s standing on the latent variable increases (or decreases), so does the score
on the item and in a linear fashion.
A popular dominance IRT model is the 2PLM. The equation relating the probability of
the respondent j with trait level θ providing the positive response on dichotomous item i (coded
as 1) can be written as
𝑃𝑃(𝑈𝑈𝑖𝑖 = 1|θ𝑗𝑗 ) =

exp[1.7𝑎𝑎𝑖𝑖 �θ − 𝑏𝑏𝑖𝑖�]
,
1 + exp[1.7𝑎𝑎𝑖𝑖 �θ − 𝑏𝑏𝑖𝑖�]

where Ui is the observed score for item i, bi is the item difficulty parameter , and ai is the item
discrimination parameter (Embretson & Reise, 2000; Hambleton, Swaminathan, & Rogers,
1991). The difficulty parameter is interpreted as the item’s location on the trait continuum and
the discrimination parameter indicates how well the item differentiates respondents. The item
response function is depicted graphically in Figure 2, Panel A. As θ increases, the probability of
providing the positive response to the dichotomous item monotonically increases. When the
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item and respondent are located at the same point on the continuum, the probability of a positive
response is .50 and increases at higher levels of θ.
The scale construction process for dominance-based measures has been developed
considerably since Likert’s (1932) original paper and typically includes the application of a fairly
standard set of steps and analyses (e.g., Crocker & Algina, 2006; Hinkin, 1995, 1998; Nunnally
& Bernstein, 1994). After conceptualization of the focal construct, measures are created by first
generating many homogenous statements representative of the content domain of the construct
and collecting response data from participants. For self-report measures of constructs like work
engagement, items are typically worded to characterize uniformly high or low standings on the
construct such as the UWES item “At my job, I feel strong and vigorous” and the MBI item “I
feel burned out from my work.” Numerical values are assigned to each response option with the
highest value assigned to one extreme of the continuum and the lowest value assigned to the
other extreme. Any negatively worded items are reverse-scored so that higher responses indicate
a higher standing on the construct across all items. Items falling in the intermediate range are not
included because more positive responses do not indicate higher standings on the construct. For
example, for the statement “I was about as absorbed in my work as most others,” respondents
would provide high scores to indicate that they feel an average rather than high level of
engagement. Moreover, low scores on these items can mean not only that respondents have low
engagement, but also high engagement because they are above the item. This violates the
response assumptions of dominance models. Subsequently, if these items are included in the
item pool they tend to demonstrate poor fit during the scaling process and are usually dropped
because their inclusion creates score interpretation issues.
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After data is collected, item analysis and scale construction proceeds. The item-trimming
and model-testing process typically includes the use of item–total correlations, internal
consistency reliability analysis, and one or more forms of factor analysis. Items with low item–
total correlations, low factor loadings, and/or that reduce reliability are usually dropped because
they are not considered sufficiently related to the latent construct to justify use. Finally, once a
final set of items is established from the initial item pool, scores on all of the items in the scale
are summed or averaged to obtain an estimate of the respondent’s attribute level.
These CTT methods have been and are still very widely used, though IRT methods are
becoming increasingly popular because they are more flexible and provide greater measurement
precision. Scale development and scoring methods from the dominance IRT approach include
fitting logistic IRT models such as the GRM (an extension of the 2PLM for polytomous items) to
a dataset. Item writing practices are the same as those outlined above for the CTT approach (i.e.,
avoid writing items that reflect intermediate standings). However, an IRT approach involves
using many specific item- and test-level statistics to analyze the data and construct the scale. For
example, test developers would use item location and discrimination parameter estimates, item
and test information at different levels of the construct (the IRT equivalent of reliability), as well
as item- and test-level model–data fit indices (e.g., fit plots, χ2 statistics). Scores are then
obtained by estimating θ based on item responses given the parameters of the retained items.
Despite their greater sophistication, these approaches still assume a dominance response process.
The ideal point response process. Despite the widespread acceptance and popularity of
using dominance models for self-report measurement, in many recent articles in the
psychometrics literature researchers have advocated for a transition to methods based on ideal
point assumptions for non-ability constructs (Carter et al., 2017; Chernyshenko et al., 2007;
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Drasgow et al., 2010; Stark, Chernyshenko, Drasgow, et al., 2006; Tay et al., 2009). The ideal
point item response process posits that individuals positively or negatively respond to items
based on how “close” items are to their level on the underlying construct (Coombs, 1964) rather
than assuming that higher item responses always indicate more of the construct. This alternative
response process derives from the work of Thurstone (1928) who posited that on graded attitude
scales with items representing a diverse range of attitude extremity, individuals will tend to agree
with items whose content most closely reflects their own level of the attitude being measured. In
other words, individuals implicitly adopt a position along the trait continuum and endorse items
close to that position and reject items they perceive to be above or below them. With this
approach, items are first scaled and then item scores are used to scale the person. It is important
to note that this stands in contrast to Likert’s approach in which respondents score themselves.
For example, using the previously mentioned example work engagement item “I was
about as absorbed in my work as most others,” individuals with an average or intermediate level
of work engagement would endorse the item (e.g., strongly agree) while those who are either
very disengaged or very engaged would not (e.g., strongly disagree). The dominance process,
however, would assume that all who disagree with the item have low work engagement and all
who agree with the item have high work engagement. This demonstrates a critical characteristic
of the ideal point process and a fundamental departure from the dominance process: that a
respondent can not only disagree from below because his or her standing is too negative on the
continuum relative to the item (as dominance models assume), they can also disagree from above
because the respondent’s standing is too positive on the continuum relative to the item (Roberts,
Donoghue, & Laughlin, 2000; Roberts & Laughlin, 1996). Ideal point models are thus more
flexible than dominance models as they can account for more diverse response behavior. It
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should be noted that this flexibility does not always allow an ideal point model to outperform a
dominance model, an issue that is addressed toward the end of the next section.
Examples of ideal point models include unfolding IRT models such as Roberts et al.’s
(2000) generalized graded unfolding model (GGUM). For this model, the equation relating the
probability of the respondent j with trait level θ providing the positive response on dichotomous
item i (coded as 1) can be written as
𝑃𝑃�𝑈𝑈𝑖𝑖 = 1�θ𝑗𝑗 � =

exp�α𝑖𝑖 ��θ𝑗𝑗−δ𝑖𝑖 �−τ𝑖𝑖1��+exp�α𝑖𝑖 �2�θ𝑗𝑗−δ𝑖𝑖 �−τ𝑖𝑖1��
,
1+exp�α𝑖𝑖 �3�θ𝑗𝑗 −δ𝑖𝑖 ���+exp�α𝑖𝑖 ��θ𝑗𝑗−δ𝑖𝑖 �−τ𝑖𝑖1��+exp�α𝑖𝑖 �2�θ𝑗𝑗−δ𝑖𝑖 �−τ𝑖𝑖1��

where Ui is the observed score for item i, αi is the item discrimination parameter, δi is the item
location parameter, and τi1 is the category threshold parameter for the item (i.e., the point at
which the probability function of the two subjective response categories [e.g., disagree and
agree] intersect). The ideal point item response function for the same hypothetical item used to
illustrate the dominance process is graphically depicted in Figure 2, Panel B. In the figure, the
single-peaked relationship that identifies the ideal point process, or the “fold” in the curve, can
be seen. As θ increases, the probability of providing the positive response to the dichotomous
item increases up to the point where the item is located (i.e., the ideal point), then decreases. The
decrease in the response function from the ideal point toward the positive extreme reflects the
assumption that individuals with higher standings on the construct will negatively respond to the
item from above. Again, this contrasts with the dominance monotonicity assumption that
negative responses always come from below the item. Since an ideal point model does not
impose monotonicity constraints on item response functions, it is a more flexible platform to
scale and score measures. Most evident is that “nonmonotonic” (i.e., folding) items, or items
located anywhere in the intermediate range of the trait continuum, can be included in a scale and
appropriately scored.
37

The scale construction process for ideal point measures is not as standardized as that of
dominance measures, but there are several general steps that are required. After
conceptualization of the focal construct, a large number of items are written to reflect various
levels of the construct. This includes not only positive and negative regions, but also
intermediate regions. For example, in the domain of attitude measurement, Thurstone (1928)
argued that, “The only way in which we can identify the different attitudes (points on the base
line) is to use a set of opinions as landmarks, as it were, for the different parts or steps of the
scale. The final scale will then consist of a series of statements of opinion, each of which is
allocated to a particular point on the base line. If we start with enough statements, we may be
able to select a list of twenty or thirty opinions so chosen that they represent an evenly graduated
series of attitudes” (p. 540).
Item response formats are similar to those from dominance measures (but see Dalal,
Carter, & Lake, 2014), but item scoring is substantially different. Negative items are not
reversed, and the numerical values assigned to response categories are not simply summed or
averaged. Before scoring, items must be scaled along the latent continuum so that locations can
be estimated. The classic way this is done involves using judges to locate items by having them
place cards in piles representing different degrees of positivity/negativity of item content, or by
having them provide numerical location ratings such as on a scale from 1 to 11. After locations
are established, the items are administered to a sample of participants, typically using agreement
response scales. Participants’ responses to the items are scored by taking the mean location of
all the items they endorsed. What is done more commonly, however, is use IRT software to
estimate both item and person parameters (i.e., trait levels) simultaneously. This avoids more
cumbersome scaling and scoring processes. The item-trimming process involves retaining the
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most discriminating items located in each region of the continuum rather than simply retaining
the most discriminating items from the entire set. This is meant to produce a measure that yields
good test information across the entire range of the underlying continuum.
Evidence supporting the ideal point process for work engagement. The theoretical
item response process used on a self-report measure largely depends on the nature of the
measured construct (Drasgow et al., 2010; Tay et al., 2009). A dominance process is argued to
make the most sense when items measure a maximal behavior construct, or what an individual
can do. These types of items are crafted to challenge respondents’ ability or capacity in a
domain and can be considered hurdles to cross. Moreover, consensus can be obtained around
what is correct, ideal, necessary, or expected for each item. For example, a test that includes
math questions of varying difficulty can provide information about the limits of the math skills
of respondents. Respondents with higher (vs. lower) math skills are expected to demonstrate
higher scores on the test because they should be able to provide more correct answers or “jump
more hurdles.” In this context you can craft items to target different levels of the trait, but only
if it can be assumed that individuals with more of the construct (e.g., higher math ability) will
always be more likely to positively respond to each of the items. In this regard, the notion of
item difficulty and correct/incorrect response to items make intuitive sense.
On the other hand, research is beginning to accumulate that supports the notion that an
ideal point process may better characterize response behavior on some self-report measurement
of non-ability, or “typical behavior” constructs—what an individual does or will do in everyday
life. It is argued that in these cases, individuals respond based on the proximity of the item
content to their “ideal point” of the construct (Drasgow et al., 2010; Tay et al., 2009). Nonability measures ask individuals to respond based on the extent to which descriptive statements
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characterize their psychological experience or demeanor. The notion of item difficulty and
correct/incorrect responses is inapplicable or at least inappropriate here because there are no
right or wrong answers to these items. Moreover, certain items are not “harder” than others to
provide a positive response to per se. Instead, items “are akin to flexible mirrors that present
various characterizations of one’s demeanor” (Tay et al., 2009, p. 1290) and individuals are
asked to determine the extent to which these characterizations are accurate of themselves. This
involves an introspection process where respondents subjectively compare the content of an item
with their self-characterization, perceptions, or memory of previous experiences to determine
their response. For example, a personality questionnaire may ask respondents to indicate their
level of agreement with statements like “I am a very outgoing person” or “I need things around
me to be organized.” Similarly, engagement surveys typically present items like “I feel
energized by my work.” An engagement survey could also present an item like “I felt neither
excited nor bored while at work, but somewhere in between.” This seems like a reasonable thing
to ask someone, and such an item on an engagement survey might provide additional information
compared to items whose content only refers to the positive and/or negative poles of the
continuum. However, a dominance model’s underlying response assumptions constrains the
types of items one can include in a scale. In this case, contrary to dominance assumptions, an
individual could disagree with this item from below and above, so this kind of item cannot be
included in the scale. In contrast, ideal point models are flexible and well-suited to this very
situation.
There is some empirical evidence of the advantages of ideal point models over
dominance models for typical behavior construct measurement. For example, some research has
shown that ideal point models may demonstrate better fit than dominance models to self-report
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data from measures of personality traits (Carter et al., 2014; Carter, Guan, Maples, Williamson,
& Miller, 2016; Stark, Chernyshenko, Drasgow, et al., 2006), vocational interests (Tay et al.,
2009), attitudes (Carter & Dalal, 2010), and affect (Tay, 2011). They may also produce higher
reliability (Carter & Dalal, 2010; Carter et al., 2014; Chernyshenko et al., 2007). As a result,
ideal point models can demonstrate more accurate rank-orderings of respondents on the construct
(Carter et al., 2014; Dalal & Carter, 2015; Roberts et al., 1999; Tay et al., 2009) and
subsequently may allow for more powerful and accurate tests of empirical relationships (Carter
et al., 2014; Carter et al., 2017; Carter et al., 2016; Dalal & Carter, 2015).
Another potential advantage of ideal point models is that they tend to identify the correct
dimensionality when used to analyze bipolar datasets whereas dominance models often support
additional spurious factors (Davison, 1977; Tay & Drasgow, 2012; van Schuur & Kiers, 1994).
The reason for this important finding boils down to the underlying structure of the dataset. On
bipolar constructs, each individual has an “ideal point” somewhere on the latent continuum
between the negative and positive extremes. Thus, individuals’ response data would tend to
show more positive responses to items located nearer to their respective trait level. A dominance
model such as factor analysis assumes a different underlying structure, however—those with
higher trait levels are always assumed to demonstrate more positive responses. This advantage
of ideal point models can be particularly important in the case of work engagement given its
theoretical bipolar structure.
Although published research has yet to investigate the use of ideal point models
specifically for work engagement, from a theoretical perspective the dominance–ability and ideal
point–non-ability guidelines apply to the case of engagement measurement. Much like an
individual’s evaluation of a focal object (i.e., attitude) or behavioral preferences and tendencies
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(i.e., personality), self-disclosing the psychological experience of work engagement requires an
individual to introspect to identify where he or she stands on the latent continuum. In terms of
an item response, the individual must then compare this standing against the level of engagement
implied by the item. This introspection–comparison process should then yield positive responses
when the items characterize an experience close to that of the individual. The assumption of a
dominance process has worked in most cases when applied to work engagement measurement.
This is arguably because item statements are typically written to represent very high (or low)
standings on the latent trait as is required by dominance models so, by definition, those with
more of the construct will likely positively respond to all items; few would have such extreme
standings that they would disagree from above. However, when one seeks to develop a more
comprehensive measure of the full latent continuum, or when one wants to test if the precision of
an extant scale can be further maximized, the benefits of using the ideal point framework come
to light.
There is some support from research on affect for the argument that self-report item
responses on engagement measures follow an ideal point process. This research is relevant to
work engagement because affect comprises a core part of the engagement experience.
Specifically, Tay (2011) argued that inconsistent findings in the affect literature around the
theoretical bipolarity of positive and negative affect—focusing on happiness and sadness in
particular—are due to the mismatch between the analytic methods that researchers have used
(i.e., dominance models) and the response process individuals use to respond to affect items (i.e.,
ideal point process). He contended that individuals endorse affect items whose valence are close
to their own. This leads individuals located near the middle of the continuum to endorse a range
of positively and negatively valenced items, a response pattern which attenuates the correlations
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between the positive and negative items (thus violating dominance assumptions) and that has
particularly strong effects when the individuals do not have any strong feelings in particular.
Additionally, positive and negative emotion indicators closer to the middle of the bipolar
continuum in terms of intensity have inverse correlations that are smaller in magnitude compared
with opposing items stronger in intensity. This phenomenon is due to the differing response
patterns of those with very low or high (more likely to negatively respond) compared with
intermediate (more likely to positively respond) standings on the continuum. If factor analysis
were used to analyze this data, for example, one would likely observe a 2-factor solution;
depending on rotation, the positive and negative items would load on separate factors with the
more intermediate items demonstrating cross or weak loadings on the factors, or the positive and
negative items load on one factor and the intermediate items load on the second.
To test whether using an ideal point process would eliminate these problems, Tay crafted
a set of graded emotion items spanning a bipolar happy–sad continuum and fit the GGUM to the
response data.3 The results demonstrated that the items were scaled in theoretically consistent
locations along the latent continuum and that the GGUM fit the response data well. This
supports the argument that the ideal point process can accurately account for how individuals
respond to affective aspects of their current psychological state.

3

In this study by Tay (2011) the pool of statements ranged from “extremely happy” to “extremely sad”
with intermediate gradations such as “very” and “slightly.” Respondents were asked to indicate whether they were
currently experiencing the emotion using a yes/no response format and the GGUM and 2PLM were fit to the
response data to compare their performance. Results demonstrated that the GGUM fit the data well while the 2PLM
fit poorly. That the 2PLM fit poorly is unsurprising given the inclusion of several intermediate-range items.
However, the good fit of the GGUM is noteworthy in that the results supported that participants used an ideal point
process to respond to the graded emotion terms designed to tap diverse areas along a bipolar affect continuum. The
final set of items demonstrated theoretically consistent locations (e.g., “very happy” was the most positive;
“moderately happy” was located in between “very happy” and “slightly happy”), demonstrating that the ideal point
model was able to accurately scale affect items. This is important and relevant because an ideal point engagement
scale should have items with affective content located across the latent continuum
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Are there circumstances in which dominance models might outperform ideal point
models in situations that should theoretically be suited to the latter such as work engagement?
Yes, and there are a few situations/reasons for this. One is that the survey or item response
format may “force” a particular response process. Regarding the response format, this has been
demonstrated with intensity response scales (e.g., “not at all” to “extremely”; Tay, 2011) and can
be extended to frequency response scales like the UWES and MBI use. Higher item scores on
these response scales do not indicate stronger agreement but rather stronger intensity or
frequency. Ideal point responding subsequently occurs among the different response options
only and not among the items on the measure, effectively turning one item into multiple items of
different extremity (e.g., “…never strong and vigorous,” “…sometimes strong and vigorous,”
“…always strong and vigorous.”). Items are subsequently scaled according to where the most
extreme frequency occurs because that response option is given the highest coding, thus
manifesting as a dominance process. 4
Related to the idea around response scales “forcing” a response process is the possibility
that the ubiquity of dominance-style scales and peoples’ frequent exposure to them may have
created implicit response rules, or a set of response tendencies, that fit the dominance process.
Most individuals are familiar with traditional dominance-style scales comprised of many
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Tay (2011) compared the performance of ideal point and dominance models on response data from the
Positive and Negative Affect Schedule – Expanded Form (PANAS-X; Watson & Clark, 1994). The PANAS-X uses
a 5-point intensity response scale ranging from not at all to extremely. This theoretically turns one emotion item
into five items of different intensities to endorse (e.g., “…not at all happy,” “…moderately happy,” “…extremely
happy.”). Supporting the logic presented above, when response data using the standard response format was
analyzed, the dominance model demonstrated better fit. This is because higher responses were necessarily
indicative of higher construct levels. However, Tay demonstrated that if the items are dichotomized so that
responses indicated feeling no intensity of the emotion vs. any intensity of the emotion, the emotion terms can then
be associated with individual locations on the trait continuum. In this case, the ideal point model demonstrated
better fit than the dominance model.
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homogenous, strongly worded items and may implicitly follow a response rule wherein they
know to select higher response options if they feel that they are higher on what’s being
measured. In other words, on a 5-point scale for example, individuals identify what is being
measured by the item statement, and will select 5 if they feel they are the highest on the
construct, 4 if they are pretty high on the construct, 3 if they think they are neutral, ambivalent,
or perhaps if they do not have strong feelings or do not care about what is being asked (Russell
& Carroll, 1999), 2 if they are pretty low on the construct, or 1 if they are lowest on the
construct.
A second reason dominance models may outperform ideal point models involves the
congruence between the scoring models and item selection procedures previous researchers have
used (Stark, Chernyshenko, Drasgow, et al., 2006). Standard dominance-based item selection
procedures are designed to produce adequate model–data fit; they by design will produce
measures with only very positive and (reverse-scored) negative items that demonstrate high
internal consistency reliability. Such items have similar item response functions when estimated
with either an ideal point model or a dominance model because they are located near the extreme
and are endorsed mainly by those high on the construct (Roberts et al., 1999). 5 In these cases,
the dominance process manifests since the higher an individual is on the construct, the more
likely he or she will positively respond to the item. However, the caveat here is that many
measures created using dominance methods still contain a number of items that demonstrate an
appreciable amount of folding—i.e., they use less extreme locations where an appreciable

5
For the example, with the JES item “I am enthusiastic in my job,” respondents high on work engagement
will tend to strongly endorse that item as well as the other items in the measure because they are all worded to
reflect similarly high locations on the continuum. Since relatively few individuals are located at the extreme
positive tail of the distribution (e.g., those who feel something beyond enthusiasm, such as deep passion and zeal),
their disagreements from above do not substantially degrade model fit.
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number of individuals will disagree from above, resulting in the item response function
beginning to decrease toward the high end of the continuum (Carter & Dalal, 2010; Stark,
Chernyshenko, Drasgow, et al., 2006; Tay et al., 2009). As the number of items trending toward
the intermediate range increases, the fit of dominance models and accuracy of dominance scoring
decreases.
Overall, there are strong and compelling reasons to believe that the ideal point approach
is theoretically appropriate to apply to work engagement, and that it may provide advantages
over the dominance approach in terms of construct validity. These arguments were the impetus
for the present research, which seeks to empirically investigate the use of the ideal point
framework for work engagement theory and measurement as well as determine whether this
framework yields advantages over the dominance approach.
Summary of the Present Research
The goal of this research is two-fold. First, I seek to investigate which approach better
represents how individuals self-report their level of work engagement, an ideal point process or a
dominance process. I propose that individuals introspect when responding to work engagement
items to identify their true level, or “ideal point” of engagement and subsequently agree most
strongly with the items representing levels of engagement closest to their ideal point. Support
for this proposition would advance the literature around work engagement and help direct
engagement scholars towards effective psychometric practice and theoretical avenues to explore.
On a more specific note, it would also help explain why previous researchers have had trouble
scaling items that measure a full theoretical bipolar continuum together, with those troubles
stemming from the (widespread) assumption of a dominance response process.
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Second, as part of the broader mission to empirically test this proposition, I aim to
construct and validate the first ideal point measure of work engagement. This scale will be based
on an ideal point conceptualization and will utilize ideal point psychometric methodology from
the construction stage through final scoring to fully harness the potential benefits that the ideal
point approach may bring to engagement research.
To achieve these goals, I conducted three studies. In Study 1, I constructed and
psychometrically compared work engagement scales developed in parallel using both the ideal
point and dominance frameworks. The aim of this study was to test if the ideal point scale
demonstrates better fit, higher test information, and different rank-orders of individuals on the
latent trait compared with the dominance scale.
In Study 2, I compared the ideal point and dominance model fit for four extant work
engagement measures. This was done to investigate whether the ideal point process more
accurately accounts of individuals’ response behavior on commonly used work engagement
measures previously constructed under dominance assumptions. Additionally, since both
frequency and agreement response scales are used across these work engagement scales,
additional insights into the question of whether the frequency response scale may force a
dominance response process may be gleaned.
Finally, in Study 3, I thoroughly investigated the construct validity of the new ideal point
scale constructed in Study 1. To do this, I investigated convergent/discriminant validity by
analyzing relationships with the extant work engagement scales as well as measures of distinct
constructs; I investigated nomological validity by analyzing relationships between the ideal point
scale and measures of predictors and criteria, as well as by comparing the strength of these
relationships with those demonstrated by the extant work engagement scales; and finally I
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investigated the incremental predictive validity of the ideal point scale by testing whether it
predict significant incremental variance in the criterion constructs over and above each of the
extant work engagement scales.
Study 1
In the first study, I constructed and evaluated the fit of a new ideal point work
engagement scale. At the most basic level, the goal was to develop a new work engagement
scale that can reliably rank-order individuals across the entire range of the construct. However,
at a more profound level, evaluation of the scale’s model fit would allow me to determine
whether an ideal point model can provide an acceptable account of individuals’ item response
behavior on engagement items. Successful construction of the scale and the observance of
acceptable model fit would provide one source of empirical support for the contention that
individuals use an ideal point process when reporting their level of engagement.
In addition to the ideal point scale, I constructed a new dominance-based engagement
scale in parallel using the same item pool and response data. This allowed for comparisons of
the model–data fit and test information provided between the scales and examination of the
relationship between each scale’s trait estimates. The model fit comparison indicates which
response model was better supported by the data. The test information comparison demonstrates
the magnitude and location of differences in measurement precision between the scales across
the range of the latent continuum. Finally, the investigation of the relationship between trait
estimates from each scale speaks to the extent to which scales diverge in their trait estimates as
well as where these estimates diverge.
Method
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The IPWES and DWES were developed simultaneously and iteratively using the same
item pool over multiple rounds of item development, data collection, and scaling analyses. The
general process is outlined in Table 2. The process is described in detail below.
Item pool development. An initial pool of 71 items was developed as the basis for both
the IPWES and DWES measures. All items were written by the author and reviewed by a
second subject matter expert (SME) who was a doctoral student in industrial/organizational
psychology. Items were written as short, first-person statements describing affective and
cognitive experiences believed to be associated with different levels of work engagement.
Statement development is one of the primary means by which content validity evidence for a
measure is established (Hinkin, 1995), thus care was taken to create a large pool of items
representative of the content domain of work engagement. Item content was chosen based on an
analysis of extant work engagement theory and measures with particular focus on those reviewed
in the Literature Review section of this paper. Care was also taken to avoid crafting items that
would be better considered as indicators of other highly similar, yet conceptually distinct
constructs such as job satisfaction and organizational commitment. Additionally, item
statements were written in the past tense and instructions asked respondents to consider their
experiences at work over the previous five work days. Instructions to consider a recent and finite
period of time were provided so that work engagement could be measured as a state, which is
consistent with how most theories define it. These are similar to instructions used by other
measures of state-like constructs. For example, the Positive and Negative Affect Schedule
(PANAS), a measure of mood, can be administered using different time instructions such as
“right now (that is, at the present moment)”, “today”, “during the past few days”, etc., to measure
one’s mood to different degrees of transience or stability, up to the most trait-like form using the
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instructions “in general, that is, on the average” (Watson, Clark, & Tellegen, 1988). Scores
from the PANAS using the different time instructions were shown to produce different test-retest
reliabilities, with these reliabilities increasing as the time duration specified by the instructions
increase, demonstrating the importance of providing temporal specificity in the instructions if the
aim is to measure a state.
Statements were crafted to reflect work engagement at different positive, intermediate,
and negative locations along the bipolar trait continuum. Positive engagement statements
described experiencing high-activation positive affect such as enthusiasm, excitement, and
interest, as well cognitive experiences such as absorption in one’s work and focused attention
(e.g., “I felt energized by my work”). Negative work engagement (i.e., disengagement)
statements described experiences of low-activation negative affect such as boredom, lack of
inspiration, and disappointment, as well as cognitive experiences such as day-dreaming and
feeling distracted (e.g., “I felt detached from my work”). As discussed in the Theories of Work
Engagement section, these emotions and cognitions are consistent with extant work engagement
theory.
Intermediate and extreme positive and negative engagement statements were crafted
using three methods. The first way was to moderate the positive and negative statements using
frequencies (e.g., often, always, sometimes) and intensities (e.g., a great deal, somewhat). The
second way of developing intermediate items involved crafting statements with unique
intermediate-range content (e.g., “My work caused me to have very few emotional ups and
downs”).
Finally, the third way intermediate items were crafted was by using double-barreled
statements combining content from only opposite ends of the same continuum. An example of
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this kind of intermediate item is “Sometimes I felt interested while at work, and other times I felt
bored.” From an ideal point perspective, if an item is written in this way it is assumed that
respondents will disagree to the item unless both parts of the statement are accurate (Huang &
Mead, 2014). Agreement with this item logically indicates that the person has an intermediate
level of work engagement, and interpretation is not confusing because both parts of the statement
refer to the exact same experience. Moreover, disagreement to this item is ideal point in form
because it can come from above (“I am always interested and never board”) or below (“I am
always bored and never interested”).
Double-barreled items are generally considered problematic from a dominance
perspective for various methodological and conceptual reasons. One reason is that this response
process and the psychometric models it underlies assumes that disagreement always come from
below. For example, if an individual disagreed with the example item, this person would
necessarily be considered to have low work engagement which may be accurate only in some
instances, and if this person agreed with the statement, he or she would be considered to have
high work engagement which should not ever be the case.
Other arguments against the use of double-barreled items are that it (1) is unclear which
part of the statement the individual is disagreeing with, and moreover, (2) they may simply be
confusing and result in individuals agreeing if either part of the statement is true. Additionally,
the two statements may tap different constructs (Hinkin, 1998). However, these issues should
not arise if both parts of the item statement refer to the same dimension and are crafted to
carefully balance against each other as in the example item.
Research has demonstrated that ideal point IRT parameters can be successfully estimated
for these types of double-barreled items and that the shape of their response functions is ideal
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point in form (Huang & Mead, 2014). Moreover, the success of fitting these types of doublebarreled items has been shown to be comparable to fitting more traditional items written to tap
the positive or negative end of the dimension (i.e., “dominance” style items) with ideal point
models. Research has also demonstrated that ideal point IRT parameters can be successfully
estimated for the other types of intermediate items mentioned above (Cao, Drasgow, & Cho,
2015).
Response scales were 4-point agreement type scales (i.e., strongly disagree, disagree,
agree, strongly agree). Although potentially less precise compared to more common 5- or 6point response scales, a 4-point scale was selected to reduce the sample size demands needed to
accurately estimate item and person parameters with the IRT software (however, according to
Aguinis, Pierce, & Culpepper, 2009, any response scale with 8 or fewer points is considered
“coarse” and can result in relatively imprecise measurements than can attenuate correlations).
Additionally, an even number of response options was used because “middle” options (e.g.,
neither agree nor disagree or neutral) are considered inappropriate for ideal point scales (Dalal
et al., 2014). The argument is that middle response options are often used for factors other than
conveying a neutral standing such as when individuals are unwilling to divulge their options or
when individuals are ambivalent or do not have a strong opinion on the item. Additionally,
dominance-based scales exclude intermediate items, so intermediate standings on the trait must
be inferred by middle response option selection across a set of extreme items whereas ideal point
scales can infer intermediate trait levels from agreement to intermediately worded items.
Prior to data collection, location ratings were collected from SMEs to ensure that the item
pool contained items representing all regions of the trait continuum. Five SMEs including the
author, a doctoral student in industrial/organizational psychology, and three masters-level
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students in industrial/organizational psychology rated each item’s location on a 7-point scale
where 1 indicated the most negative location on the continuum, 4 indicated a location in the
middle of the continuum, and 7 indicated the most positive location on the continuum. The mean
location rating for each item was then computed to provide an estimate of where the items would
likely be located once IRT scaling was performed. Overall, the analysis of mean SME location
ratings indicated that an adequate number of items represented each of the ranges of the
continuum: 10 items < 2.0; 16 items ≥ 2.0 and < 3.0; 8 items ≥ 3.0 and < 4.0; 14 items ≥ 4.0 and
< 5.0; 9 items ≥ 5.0 and < 6.0; and 14 items ≥ 6.0. The intraclass correlation coefficient was .81
indicating strong agreement among the five SMEs.
Participants and procedure. Response data was collected from a sample of 904
crowdsourced working adults recruited from Amazon.com’s Mechanical Turk (MTurk).
Participants were recruited via advertisements to take part in a research study focused on
developing a new survey measure to better understand individuals’ experiences at work and were
asked to fill out a survey administered online using the Qualtrics survey platform. To be
included in the study, participants had to be 18 years or older, currently working full-time in the
USA for an organization other than MTurk, and working for their organization for at least three
months. Those meeting the inclusion criteria were paid $0.90. Inattentive responders were
removed prior to performing scaling analyses to improve data quality. Inattentive responders
were identified by incorrect responses on any of the three attention items (e.g., “click on
‘strongly agree’ for this item”) that were scattered within the questionnaire. If an incorrect
response was provided to an attention item in an item block, participants were notified that they
provided an inaccurate response when they tried to click into the next block of survey items and
were provided one additional opportunity to respond to all items in the current block. If they
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incorrectly responded a second time, they were removed from the dataset. The data cleaning
procedures yielded a final sample size of 798.
An initial set of scaling procedures were performed on the response data from this sample
for both the dominance and ideal point scales (specifics regarding these procedures are described
in the Scale Development section below). Results indicated a need to develop and test additional
items for both scales due to item fit and test information considerations. Fourteen new items
were developed to address shortcomings using the techniques described in the Item Pool
Development section above and were added to the original pool of 71 items used for developing
both measures.
Response data for the expanded pool of 85 items was then collected in a pilot study using
a small independent sample of 236 participants. This sample size would be considered too small
to obtain accurate IRT item parameter estimates, but the data was collected only to obtain rough
approximations of the parameter estimates for the new items to guide subsequent item trimming.
Participants were again recruited from MTurk and the data were cleaned using the methods
described above (e.g., work status, passing attention checks), resulting in a final sample size of
201. Item parameters were estimated and the pool of 85 items was trimmed to 37 items.
Finally, response data was collected from a third independent sample consisting of 609
participants. Participants were again recruited from MTurk and cleaned according to the same
procedures described above, resulting in a final sample size of 559. This data was combined with
the participant data from the initial (N = 798) and pilot data (N = 201) collections (total N = 999)
so that all retained items would have an adequate amount of data for the IRT analyses. 6 The
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The approach taken here has some limitations such as capitalizing on random variation and carrying that
forward. Collecting independent samples for development and cross-validation would have been more consistent
with best practices. This is a limitation of this research.
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final sample size was 1,558 and the total number of responses to the items in the final pool
ranged from 760 to 1,558. Participants in the combined dataset were predominantly White
(74.9%), male (56.5%), and had a mean age of 33.73 years (SD = 10.17), tenure of 5.41 years
(SD = 5.27), and worked an average of 40.78 hours per week (SD = 12.07). Participants held a
wide variety of jobs from diverse job families (e.g., business and financial operations,
management) and industries (e.g., educational services, construction). Complete demographic
information can be found in Table 3.
Scale development. Two scales were created to directly compare the psychometric
performance of the ideal point and dominance approaches for work engagement scale
construction and measurement. The Ideal Point Work Engagement Scale (IPWES) was
constructed under ideal point assumptions using an ideal point IRT model. The Dominance
Work Engagement Scale (DWES) was constructed under dominance assumptions and using a
combination of classical test theory analyses and a dominance IRT model. A summary of the
item pool reduction for both scales is presented in Table 4.
Ideal Point Work Engagement Scale. To construct the IPWES, response data was
submitted to the GGUM2004 computer program (Roberts et al., 2000; Roberts, Fang, Cui, &
Wang, 2006) for item parameter estimation. 7 At the beginning of the scaling process, parameters
needed to be estimated for all 71 items in the item pool with 4 response categories each and an N
size of 798. However, Roberts et al. (2000) concluded that the software can provide accurate
estimates of all GGUM item parameters for 15-20 items with six response categories when there
are approximately 750 or more respondents and the model fits the data. Therefore, item scores

7

The Results section focuses presentation of the final 20-item scales including their item parameters, fit
statistics and comparisons, and test information. The results of the iterative processes and intermediary analyses
described in this section are not presented.
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were dichotomized to increase the accuracy of the estimates of the initial pool of 71 items. Item
responses were dichotomized by collapsing the disagree and strongly disagree options, and the
agree and strongly agree options. Once the item pool was whittled down to the best 20 items for
the scale using the dichotomously-scored items, GGUM item parameters were re-estimated using
the original polytomous item scores since the sample size would be adequate vis-à-vis the
number of item parameters. This was important to do because polytomously-scored items
provide more precise measurement across the trait continuum.
The item pool was pared down in an iterative process with the goal of constructing a 20item measure that taps diverse aspects of the affective and cognitive conceptual space of the
construct, provides high measurement precision across the trait continuum (i.e., demonstrates
high reliability at all levels of the measured trait) and demonstrates good fit. Regarding the
measurement precision goal, in IRT this is indicated by a test information function (TIF) that is
high and flat, meaning that the scale measures the trait well and does so with similar precision
across the trait continuum. The TIF is the sum of the individual item information functions
(IIFs). Items’ discriminability (i.e., α, how well the item differentiates respondents on the
construct), and location (i.e., δ, the item’s level of the latent construct) parameters were key
inputs for maximizing measurement precision. Items with higher α estimates yield more
information and are thus preferred. Moreover, items’ δ estimates determine where they
contribute information on the latent continuum. The GGUM extracts psychometric information
above and below the item’s location rather than at its location. This is because the GGUM
models not just disagreement from above and below the item, but also agreement (Roberts et al.,
2000).
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For a hypothetical four-category item like those in the item pool, the highest probability
of observing strong agreement is assumed to occur immediately above (strongly agree from
above) and below (strongly agree from below) the exact point on the latent continuum where δ –
θ = 0, or where the item and person have the exact same level of the trait. As one continues to
move outward (above and below) from δ – θ = 0, the probability of strong agreement decreases
and the probability of observing (not strong) agreement surpasses it, and so on and so forth for
disagreement over agreement, and strong disagreement over (not strong) disagreement. Figure 3
provides an example of an IIF. The example item is located at δ = -1.0 and provides the most
information around θ = -.5 and θ = -1.5. The figure provides an IIF for this example item using
both dichotomous (Panel A) and polytomous (Panel B) scoring. As can be seen in the figure,
information is maximal just above and below the item location and decreases gradually in either
direction. Also illustrated is the principle that polytomous (e.g., 4-point agree-disagree) scoring
provides information across a broader range of θ compared to dichotomous (e.g., agree vs
disagree) scoring.
Model–data fit was evaluated using fit plots and chi-square fit statistics provided by the
MODFIT program (Stark, 2001) and developed and recommended by Drasgow, Levine, Tsien,
Williams, and Mead (1995). Fit plots overlay the observed and predicted item response
functions so that item fit can be graphically evaluated. The chi-square fit statistics are ordinal
chi-squares that compare the expected and observed frequencies of endorsing the different
response options. These are referred to as χ2/df ratios and are calculated for individual items
(i.e., singles) as well as all pairs and triples of items. The different ratios were used to evaluate
different aspects of fit (absolute vs. relative, see below).
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Chi-squares based on different sample sizes and models with different numbers of item
parameters are not comparable (Drasgow et al., 1995). To facilitate comparisons during the fit
evaluation process, chi-square fit statistics were adjusted to the magnitude that would be
expected in a sample of 3,000 and then divided by their respective degrees of freedom as is
recommended in the IRT literature (Tay, Ali, Drasgow, & Williams, 2011). The sample size of
3,000 was used by Drasgow et al. to calibrate and cross-validate the assessments they
investigated and it is from this study that the original fit evaluation guidelines to follow derive.
This adjustment allows for a less biased comparison of fit statistics across models. An item
single adjusted χ2/df ratio < 3.0 is considered indicative of good item fit (Drasgow et al., 1995).
At the scale-level, an average adjusted χ2/df ratio < 3.0 across item singles with no items having
an item single χ2/df ratio ≥ 3.0 is indicative of good overall fit and supports unidimensionality.
The adjusted χ2/df ratios for item doubles and triples were used as indicators of relative fit
between models with lower values indicating better fit (Tay et al., 2011).
As was briefly mentioned in the Participants section, three rounds of scaling were needed
because the first set of scaling analyses performed on the initial pool of 71 items was not
completely successful. Results at this stage indicated a need to develop new extreme (which
would also benefit dominance scale construction) and intermediate items. This was due to
factors such as low α parameters (i.e., low discriminability) and a lack of well-fitting items with
δ parameters (i.e., locations) in certain regions of the latent continuum (which limited test
information in particular areas of the trait continuum). The second set of scaling analyses were
performed on the expanded pool of 85 items (14 of which would only have response data from
an additional 201 participants) as a pilot to provide rough approximations of item parameter
estimates for the new items to guide the item pool reduction prior to the final data collection.
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Thirty-seven items were retained at this stage. The final set of scaling analyses involved
reducing the pool of 37 items to the final 20-item scale.
Both theoretical and empirical considerations were used to trim items. These included (a)
the consistency of item location estimates with item content, (b) adequate representation of both
affective and cognitive items, (c) model fit and parameter estimation accuracy, and (d)
measurement precision across the latent continuum. Regarding fit, items were dropped if they
demonstrated poor fit (e.g., high item single χ2/df ratio, poor alignment of observed and predicted
item response functions in the fit plot) and/or were members of item pairs and triples with high
χ2/df ratios. Regarding parameter estimation accuracy, GGUM2004 uses maximum likelihood
estimation which has been known to encounter many issues in unfolding models, resulting in
inaccurate standard errors for item parameter estimates (N. T. Carter, personal communication,
May 31, 2016). Using these standard errors during item analysis to decide on retaining and
dropping items may often result in having few or no items remain. However, this standard error
information is still informative and was used to flag items as potentially problematic and possible
candidates to be dropped, especially to help break ties when several items had similar location
and discrimination parameter estimates and model fit. Items with location or discrimination
parameter estimate standard errors that were excessively high (e.g., > .50) or that could not be
computed by the software were flagged. In terms of precision across the latent continuum, since
the goal was to retain a final set of highly discriminating items that tap diverse areas of the latent
continuum, items were also dropped if (1) they had low discrimination parameter estimates since
they would be less useful for differentiating respondents and measuring the latent trait, and (2) if
they had a similar locations to other better discriminating and/or better fitting items. This
included removal of items with very extreme location estimates (i.e., δ > |4.0|), which would be
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less useful for differentiating individuals than items with more intermediate or only moderately
high/low locations because much of the psychometric information they provide is in a range of θ
were few individuals fall.
Average adjusted χ2/df ratios for doubles and triples were used to compare the relative
model fit across item sets during the item trimming process. After reducing the pool to a 20-item
set, there were two items that still demonstrated poor fit. To investigate whether alternatives to
these poorly fitting items may exist in the original item pool, item switching was performed.
This involved replacing the poorly fitting items with items dropped in earlier stages that were
considered acceptable alternatives. Each time an item switch was done, item- and scale-level
model fit was reevaluated until the best set of 20 items was identified. A total of two item
switches were performed (see Table 4 for additional item information): Item 19 was swapped for
Item 3 and Item 58 was swapped for Item 6. The result of this process resulted in the final set of
20 items comprising the IPWES.
Dominance Work Engagement Scale. The DWES was developed alongside the IPWES
using the same item pool. The goal during the dominance scale construction process was also to
construct a 20-item scale that measures reliably across the trait continuum (i.e., from
disengagement to engagement) and that demonstrates good fit. The model–data fit for the
dominance IRT model was evaluated in the same way as for the ideal point IRT model. A high
and flat TIF was also sought.
Both CTT and dominance IRT scaling procedures were used to construct the DWES.
First, clearly negative items were reverse-scored. Next, decisions regarding intermediate items
needed to be addressed including whether to keep them and how to score them. Intermediate
items, including double-barreled items, were initially retained, even though they are not
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traditionally included in item pools used to create dominance-style scales, so that both work
engagement scales would be created using the exact same item pool. Additionally, a priori, it
would not always be clear which among these items are not “extreme enough” to be expected to
reasonably conform to the dominance response assumption. Poor intermediate items would
demonstrate poor fit during the scaling process and end up being removed anyway, so their
inclusion was not deemed a problem.
Dominance scaling requires that all items be scored in the same direction, so reversescoring needed to be performed on many of the intermediate-range items which represent
standings in the negative half of the continuum. To identify which intermediate items to reversescore, item intercorrelations were analyzed because this could not be done purely based on
analysis of item content. Several clearly positive items (e.g., “My work made me feel excited”)
were used as referents to identify which items to reverse score. Items that were negatively
related to the positive referents were reverse-scored.
After recoding, items were submitted to an exploratory factor analysis (EFA). Factors
whose eigenvalue was ≥ 1.0 and the fewest number of factors that accounted for at least 60% of
the variance were retained for analysis (Hair, Anderson, Tatham, & Black, 1998). Items were
retained based on having a factor loading of |.40| or greater on the first factor and no crossloadings on other factors greater than |.30| to support the unidimensionality assumption.
Afterward, reliability analysis and corrected item–total correlations were used to further reduce
the item pool and to provide additional evidence supporting the unidimensionality of the items.
Individual items were removed if they reduced internal consistency reliability and/or had low
item–total correlations. The EFA and reliability/item–total correlation analysis process was
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repeated until the 10 best positive and negative items were identified. In all steps in the cycle,
internal consistency reliability was > .95, supporting the inclusion of the reverse-scored items.
Item and person parameters were estimated using the GRM 8 with the MULTILOG
program (Thissen, 1991). Chi-square fit statistics and fit plots were obtained using the MODFIT
program to evaluate the fit of items and the scale overall. After the GRM was fit to the data,
item switching was performed based on adjusted χ2/df ratios to obtain the best fitting items and
scale. As described above, this involved removing a poorly fitting item for an item that was
dropped in an earlier step but considered a possible improvement, then rerunning the model fit
analysis until the best 20-item set was identified. The process yielded the final set of 20 items
comprising the DWES.
Psychometric comparisons. After the two scales were constructed and evaluated in an
absolute sense, their psychometric characteristics were compared to determine whether the
relative performance of the ideal point approach versus the dominance approach. These
comparisons were based on model–data fit, test information and θ estimate standard errors, and
correlations between their θ estimates. Comparison of the standard errors of the item parameter
estimates produced by the GGUM and GRM was not a major factor considered here because, as
was mentioned above, the estimation procedure used by GGUM2004 may produce inaccurate
standard errors for these parameter estimates. On the other hand, these issues do not arise when
using maximum likelihood estimation for estimating dominance model item parameters.

8

The GRM was selected for this purpose as it is an extension of the 2PLM for polytomous data. In terms
of item locations, the GRM does not provide a single b parameter to locate items like the 2PLM, but instead m – 1 b
parameters where m is the number of response categories which is 4 in this case. Much like b in the 2PLM reflects
the trait value necessary to positively respond with probability .50, each b in the GRM is interpreted as the trait
value necessary to respond in the higher category with .50 probability so they are also interpreted as location
parameters. Also note that with the GRM, items provide most information where they are located rather than above
and below where they are located. With the GRM locations are indicated by the item difficulty parameter estimates
(i.e., b).
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Subsequently, this would not allow for a fair comparison between the scales. Nevertheless, these
comparisons were presented for informational purposes. Participants’ GGUM θ estimates from
the IPWES were obtained from GGUM2004 alongside the item parameter estimates for the final
version of the scale. Their GRM θ estimates from the DWES were obtained from MULTILOG
alongside the item parameter estimates for the final version of this scale.
Results
The final results of the ideal point and dominance scaling processes are presented in the
subsequent sections. These sections each describe the respective scale’s psychometric adequacy
in an absolute sense with a focus on model–data fit and test information. The final section
presents the results of the comparative analyses between the two scales.
Ideal Point Work Engagement Scale. The item parameters for the IPWES are provided
in Table 5 and the fit statistics are provided in the top section of Table 6. As can be seen, item
location estimates were spread out over a wide range of the latent continuum. Additionally,
discrimination parameter estimates were all appreciably greater than 0, indicating that the items
were useful to differentiate respondents. Figure 4 provides the TIF in black for the IPWES. As
was the goal during scale construction, the TIF is high and flat, meaning that the scale measures
the construct accurately and consistently across the trait continuum. This can be converted to a
summary reliability estimate equivalent to Cronbach’s alpha to assist in evaluation. Using the
formula of reliability = true score variance / (true score variance + error variance) to compute the
marginal reliability across the range of θ (Embretson & Reise, 2000), the reliability of scores was
estimated at .99. Thus, the measure had very high reliability. In terms of the precision of the
resultant construct estimates from this scale, the standard errors for participants θ estimates
ranged from .12 to .80 with an average of .22.
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Finally, in terms of model–data fit, as can be seen in the top half of Table 6, the average
adjusted χ2/df ratio for item singles was M = .82, which is less than the recommended 3.0 cutoff
(Drasgow et al., 1995), and no item single adjusted χ2/df ratio was greater than 3.0. This shows
that the GGUM demonstrated acceptable absolute fit at the scale and item level.
Dominance Work Engagement Scale. The item parameters for the DWES are provided
in Table 7 and the fit statistics are provided in Table 6 beneath those for the IPWES. All GRM a
parameter estimates were appreciably greater than 0, indicating that the items were also useful
for differentiating respondents. This scale had 12 items in common with the IPWES.
Unsurprisingly, these were the six most positively and six most negatively located items from the
ideal point scale, and none of the eight intermediate items from the ideal point scale (which
included the double-barreled items) were included in the dominance scale.
Figure 4 provides the TIF in grey for the DWES. As can be seen, the TIF had a marked
peak between θ values of about -2.0 to 0.0 and declined sharply both end of the continuum.
Thus, the scale did not measure θ consistently at different ranges of θ. Test information was
more concentrated in the negative end of the continuum because the item discrimination
parameters for the negatively worded (i.e., reverse-scored) items (Ma = 1.42) were slightly higher
than those for the positively worded items (Ma = 1.34) and the difficulty parameters for these
negatively worded items were slightly more negatively located (Mb1 = -1.69, Mb2 = -.32, Mb3 =
1.13) than those of the positively worded items (Mb1 = -1.67, Mb2 = -.14, Mb3 = 1.63. The
marginal reliability estimate for scores from this scale was .99, thus this measure also had very
high reliability. In terms of the accuracy of the resultant construct estimates from this scale, the
standard errors for participants θ estimates ranged from .31 to .55 with an average of .36.
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Finally, in terms of model–data fit, as can be seen in the bottom half of Table 6 the
average adjusted χ2/df ratios for item singles was ≥ 3.0, indicating that the scale did not
demonstrate acceptable fit. This can be attributed to several poor-fitting items: 8 adjusted χ2/df
ratios for item singles were ≥ 3.0. Overall, the results show that the GRM did not demonstrate
acceptable absolute fit to the DWES response data, meaning individuals’ responses to the work
engagement items did not adequately conform to the assumptions of the dominance process
according to traditional model fit standards. In the present case that means that individuals with
higher work engagement did not always agree more with the items (or disagree more to the
reverse-scored items).
Psychometric comparisons. Recall that the average adjusted χ2/df ratios for item
doubles and triples were used to determine which model fit the response data from respective
data better. These statistics are ordinal chi-squares that compare the expected and observed
frequencies of endorsing the different response options for pairs and triples of items using
contingency tables and multiway contingency tables, respectively. The statistics used for relative
fit comparisons for the ideal point and dominance models to the IPWES and DWES,
respectively, can also be found in Table 6. Lower doubles and triples indicate better relative fit.
As can be seen in the table, the average adjusted χ2/df ratios for item doubles and triples were
highly similar, suggesting that one scale did not demonstrate appreciably better fit than the other.
However, as was described in the previous sections, the GGUM demonstrated acceptable
absolute fit to the IPWES response data whereas the GRM did not demonstrate acceptable
absolute fit to the DWES response data. These absolute fit results assist in the relative fit
evaluation because conclusions from the absolute fit analysis indicate whether the model
assumptions are supported by the data. The results for the DWES suggest that the response data
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did not support the model assumptions of the GRM (e.g., monotonicity). Without acceptable
absolute fit, any other conclusions made about a scale or results based on its use are tenuous.
This includes the test information comparisons and other analyses to follow, which are presented
for informational purposes as they are interesting and potentially informative.
In terms of test information, both scales had very high overall reliability. However,
where this reliability was concentrated differed appreciably between the scales. The DWES had
a marked advantage in test information in the negative range of the continuum while the IPWES
had a modest advantage in the moderately positive range and extreme positive and negative
ranges. Additionally, the IPWES measured engagement more consistently across the
continuum—the IPWES’ TIF was relatively flat across most of the range of the measured trait
(which was a goal in the scaling process for both scales) whereas the DWES’ TIF had a single
sharp peak around θ = -1.5. This means that the IPWES was able to differentiate individuals
with all different levels of work engagement roughly equally well whereas the DWES
differentiated between individuals markedly differently depending on how high or low their
engagement was.
Regarding the accuracy of each scale’s θ parameter estimates, the standard errors for the
IPWES’ estimates were smaller (i.e., more accurate) on average than those for the DWES (M =
.22 vs. .26). However, the range of these standard errors was wider (.12 – .80 vs. .31 – .55).
This indicates that the accuracy of the θ estimates was more variable for this scale whereas the
accuracy of the θ estimates from the DWES tended to be more similar across the range of the
measured construct. In terms of the item parameter estimates’ accuracy, there were some mixed
findings. Tables 5 and 7 present the standard errors of the discrimination and location parameter
estimates next to the respective estimates. The standard errors for the location parameter
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estimates were very similar between the scales, generally < .10, with a few exceptions on the
IPWES (.16, .22, and 5.12). On the other hand, the standard errors for the discrimination
parameter estimates tended to be smaller for the IPWES compared with those from the DWES.
For the IPWES, all were ≤ .11 and 17 of 20 were < .10. For the DWES, all standard errors for
the discrimination parameter estimates were ≤ .20 and only 5 were < .10.
The relationship between the trait estimates from each scale was then investigated to
explore how similarly (or differently) each scale measured work engagement and rank-ordered
respondents. Correlations between θ estimates from the IPWES and DWES were very strong
overall: Pearson’s r = .95 and, in terms of the rank-order of scores, Spearman’s r = .98.
However, closer inspection provides interesting and important information regarding where the
scores diverged.
Figure 5 provides a scatterplot of scores from each measure. Whiles scores appear very
consistent between θ estimates of about -1.0 to 1.0, larger differences are seen toward the
positive and negative ends of the continuum. Specifically, for respondents scoring less than -1.0
on the IPWES, Pearson’s r = .80 and Spearman’s r = .83, and for those scoring greater than 1.0
on the ideal point scale, Pearson’s r = .33 and Spearman’s r = .50. Even more notable are the
magnitude and even direction of the relationships when focusing on respondents with more
extreme standings on engagement. The relationships with the DWES for respondents scoring
less than -2.0 on the IPWES were Pearson’s r = .10 and Spearman’s r = .35, and for those
scoring greater than 2.0 on the IPWES were Pearson’s r = -.60 and Spearman’s r = -.57! Thus,
the more one moves toward either pole, the more strongly the trait estimates diverged between
the scales. This was especially true at the positive end of the construct. As can be seen in the
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figure, individuals with more extreme trait estimates on the DWES often had more moderate trait
estimates on the IPWES.
To demonstrate this in more practical terms, participants’ work engagement scores on
each scale were compared in terms of falling within various percentile ranges toward the upper
and lower ends of the score distribution. This type of comparison is useful because personnel
decisions are often made in these ranges, so having an accurate rank-order of scores has
important implications for employees and organizations. In the case of work engagement, this
might include decisions around interventions (e.g., engagement/motivation, organizational
culture, occupational health), identification of employees for training/development, resource
allocation, leadership change, etc. The following percentile range categories were looked at: θ ≤
5th, 5th < θ ≤ 10th, 10th < θ ≤ 25th, 25th < θ < 75th, 75th ≤ θ < 90th, 90th ≤ θ < 95th, θ ≥ 95th. Table 8
presents the results.
Focusing on the two extreme categories on either end of the scale, there were notable
differences between how individuals were categorized by the DWES compared to the IPWES.
For those in the 5th-10th DWES percentile range, 30% had a score above the 10th percentile and
18% had a score at or below the 5th percentile on the IPWES. Among those who scored at or
below the 5th percentile on the DWES, 20% of them had a score that was above the 5th percentile
on the IPWES. At the other end, for those in the 90th-95th DWES percentile range, 30% scored
below the 90th percentile and 23% scored at or above the 95th percentile on the IPWES. Among
those who scored at or above the 95th percentile on the DWES, 43% of them scored below the
95th percentile on the IPWES.
Thus, the choice of this dominance versus this ideal point work engagement measure
could result in fairly substantial differences in personnel decisions, particularly if those decisions
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are made at the positive end of the distribution. Many participants who scored in more extreme
ranges on the DWES were estimated to have a more moderate level of work engagement when
using the IPWES, though importantly a nonnegligible number were also estimated to have a
more extreme level of work engagement when using the IPWES. Recall that the model fit
comparisons generally found that the IPWES fit the data better than the DWES and the test
information comparisons found that the IPWES yielded more test information towards the
extremes than the DWES, providing support for the notion that the trait estimates from the
IPWES are likely more accurate than those from the DWES.
Overall, the results of the scale comparisons support that allowing for item folding (i.e.,
individuals disagreeing from above for positive items and disagreeing from below for negative
items) when it is theoretically and empirically supported is an important model specification
decision that can potentially have substantial measurement implications for work engagement.
Discussion
Study 1 yielded an initial version of a new ideal point measure of work engagement as
well as provided evidence supporting the use the ideal point framework over the dominance
framework for work engagement. In summary, (1) ideal point IRT methodology was
successfully used to construct a work engagement scale demonstrating acceptable fit and high
measurement precision across the range of the latent trait; (2) the dominance IRT model did not
demonstrate satisfactory fit to the DWES response data; (3) the IPWES more consistently
measured the trait across the continuum including more accurately measuring respondents at
both ends of the engagement trait continuum (especially the positive end), though the DWES
also measured the trait very well overall and appreciably better than the IPWES within most of
the negative region of the continuum; and (4) trait estimates from the two scales diverged

69

substantially toward the positive and negative ends of the continuum, especially at the extremes.
These points are elaborated below.
Successful construction of an ideal point work engagement scale. An important
finding from Study 1, and one that supports the core of the present research, is that work
engagement items were successfully scaled using ideal point methodology. Specifically, items in
the pool were crafted to represent all levels of engagement—high, low, and intermediate—and
the GGUM had the flexibility to fit response patterns to items across the entire range. The
resulting 20-item IPWES demonstrated very high and relatively consistent test information
across the entire range of the latent trait, meaning that the scale was able to measure all levels of
engagement with high precision, including very high and low engagement.
The high precision at the extremes that the ideal point scale was able to achieve is notable
because accurately measuring individuals with more extreme standings on a trait is often a
challenge researchers and practitioners face when using a dominance-based framework.
Precision toward the ends of the continuum is generally most relevant and critical for those doing
work in personnel selection. However, in domains like work engagement, decision-making may
also be guided by individuals’ scores toward the high and low ends such as whose jobs may need
to be redesigned, which individuals could benefit most from training, development, or
mentorship, which leaders are engaging or disengaging their employees most, etc. Work
engagement scores can have even more macro-level impacts such as decisions around location
closures, the sale of a location or business unit to an industry competitor, reallocation of assets
across lines of business, etc. Increased precision would likely also better enable researchers and
practitioners to detect complex relationships among individual and organizational variables such
as interactions or curvilinear relationships. For example, this would benefit the search for
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interactions between engagement and job characteristics or personality traits in explaining
important organizational criteria or interactions between job characteristics and personality traits
in explaining employees’ work engagement.
A second notable implication of the successful construction of the scale relates to the
struggles around conceptualizing and operationalizing the theoretical bipolar continuum of work
engagement. Many researchers have theorized or drawn from theory that defines work
engagement as a bipolar construct but have faced empirical challenges when trying to scale items
together that tap both ends of the continuum. These challenges may be due to poor
conceptualization (e.g., maybe burnout is not the negative pole of work engagement), though
research in other domains suggests, and the findings from Study 1 support, that this can also be
due to the use of psychometric methods that assume an incorrect item response process. The
results from Study 1 demonstrated that an ideal point framework can be used to successfully
scale work engagement items based on a bipolar conceptualization and measure all areas of the
bipolar continuum well. This can help resolve the inconsistency between theory (e.g., a
conceptual definition) and empirical findings (e.g., a factor structure) in the literature. It should
be noted that the fit of the DWES, while not meeting the standard fit cutoff, did not demonstrate
extremely poor fit. Moreover, although a rigorous process was used to develop the DWES, it
cannot be ruled out that an acceptably-fitting dominance IRT scale could be created. The caveat
here, though, is that the measurement framework still poses restrictions on item content (i.e., no
intermediate items) regardless of whether a well-fitting scale can be constructed and may also
limit the level of accuracy with which certain levels of work engagement (e.g., extremes) are
measured.

71

A third implication which is related to the other two involves the conceptualization of the
intermediate range of the construct and the successful fitting of intermediate items tapping this
range in the scale. Researchers and practitioners rarely describe what intermediate levels of
work engagement might look like. Thus, the present study is one of the few that paid close
attention to this range of the construct to appropriately conceptualize it, and the first to
successfully operationalize it. Of special note is that several intermediate items of the doublebarreled type, a style of item writing that is typically strongly advised against by survey experts,
were successfully fit. The items include “Sometimes I was fascinated by my work and other
times I was disinterested”, “Although I was able to get really focused on my work, I was also
easily distracted”, and “Sometimes I felt interested while at work, and other times I felt bored”.
This finding from the present study is consistent with the research of Huang and Mead (2014)
who were able to fit these types of items with about equal success as typical dominance style
items.
The superior fit of the ideal point model over the dominance model. Another finding
that is important to discuss was that the IPWES fit the data better than the DWES, the latter of
which did not demonstrate satisfactory absolute fit. The results of this study support the use of
ideal point methods for work engagement scale development and scoring. These findings should
encourage future researchers and practitioners to consider using an ideal point work engagement
scales such as the IPWES. Previous scale construction and scoring efforts that used traditional
dominance methods may have been limited. In the Literature Review section, it was noted that
these limitations can yield potentially spurious or attenuated findings in empirical research such
as in the study of interaction effects. For example, research by Carter and his colleagues (Carter
et al., 2014; Carter et al., 2017; Carter et al., 2016) has demonstrated that IRT in general, and
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correct use of scoring model in particular (i.e., ideal point vs. dominance) can help achieve
appropriate Type I error rates and improve power for detecting curvilinear relationships.
Misspecification of the measurement model can yield disordered ranking of individuals on the
measured construct, particularly at the ends of the trait continuum as was observed in the present
study. The manifestation of different predictor–criterion relationships at different levels of the
moderator, or in curvilinear relationships (which, empirically, require modeling an interaction of
a predictor variable with itself), requires fine discrimination at the high and/or low ends of the
construct. Additionally, identifying an appropriate set of employees for the purposes of
organizational intervention also requires such precision towards the ends of the distribution. The
present research shows that the ideal point method produced a measure more capable of
discriminating at the high and low ends of the construct than a comparable dominance-based
method.
Measurement precision and trait estimate differences between the ideal point and
dominance scales. Finally, the implications of the observed differences in trait estimates
between the scales should be noted. The increasing divergence of trait scores as one moves
toward either extreme on the latent continuum is a strong indication that item folding occurred
and had a negative impact on dominance scale scores for respondents with high negative and
especially positive trait standings. Because the GRM assumes that all disagreement reflects
lower trait scores, respondents with more extreme positive standings who disagreed with some
DWES items from above were incorrectly scored has having lower work engagement. The same
goes for those with extreme negative standings who disagreed with reverse-scored negative items
from below—they were incorrectly scored as having higher levels of work engagement. This
occurred even though there were only strong positive and negative items on the DWES (as

73

required under dominance assumptions) and may have been the reason why the model did not fit
the data well. If no or even minimal item folding occurred on these items, an ideal point model
applied to this data would have likely provided roughly equivalent trait estimates because a
dominance model can be considered a special case of an ideal point model where the ideal point
approaches infinity.
The GGUM, on the other hand, can correctly score these response patterns which
contributed to the better fit of the IPWES. Thus, although most of the IPWES items (its most
positive and negative items) were also included on the DWES, using the ideal point model to
score responses drove the differing trait estimates of those toward either extreme on the
continuum. Importantly though, it was not just the differing scores on these extreme items that
that produced differing trait estimates, but the inclusion of the intermediate items on the IPWES.
Since the GGUM extracts item information above and below items, the inclusion of moderately
high and low items (e.g., “I was somewhat absorbed by my work”) were also very useful at
helping to discriminate between individuals with very high and low work engagement. As was
shown in Figure 3, these items actually provide most test information above and below where
they are located rather than right around where this location, and as is shown in Table 5, many of
these items had similar discrimination parameters as items toward the positive and negative ends.
Further points for investigation. The findings from Study 1 pave the way for two
subsequent areas of inquiry. First, the findings from the present study support the notion that
individuals may use an ideal point process on work engagement items. However, all extant
measures from the literature were developed under dominance assumptions. If this is indeed a
misspecification, it is important to see how much it might impact model fit and if an ideal point
model results in improvements. Thus, comparisons between the IPWES and existing measures
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of engagement may shed additional light on the level of support for the ideal point versus
dominance response process for work engagement and as well as potentially uncovering similar
limitations as those found here with existing measures that strictly adhere to dominance
assumptions. This will be the focus of Study 2 as described in the next section.
Second, additional validity evidence is needed to support the use of the IPWES. Study 1
provided content and structural validity support for the measure. Although important, this
evidence is not comprehensive. Additional evidence that scores from the IPWES strongly relate
to scores from previously established work engagement measures and can be distinguished from
scores from measures of other distinct constructs, would provide further support. Also important
is to show that the IPWES operates as it should in the work engagement nomological network—
specifically, that the IPWES is related to scores from measures of empirically-supported
predictors and criteria of work engagement in the correct direction and similar in magnitude as
demonstrated by extant work engagement scales. These unanswered questions target important
aspects of construct validity that are needed to support the use of the IPWES in research and
practice and its potential advantages over existing dominance-based alternatives. The focus of
Study 3 will be to obtain and evaluate these sources of construct validity evidence for the
IPWES.
Study 2
In Study 1, I tested whether an ideal point model outperforms a dominance model for
work engagement scales by creating new scales specifically based on both approaches and
compared the model fit for each. The results of Study 1 showed that an ideal point model can be
appropriate for the measurement of work engagement. In Study 2, I tested whether the same is
true when an ideal point model is applied to several extant dominance-style measures of work
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engagement and burnout from the literature. Specifically, I fit dominance and ideal point models
to response data from four extant scales and evaluated their absolute and relative fit. Given that
these scales were developed under dominance model assumptions and were scaled in a way to
maximize dominance model fit, I expected any relative fit improvements the ideal point model
may show over the dominance model to be small. I also proposed that the scale’s response
format plays an important role in determining which response process is supported by the data.
The measures of work engagement and burnout included in Study 2 included the UWES–
9 and JES, a modified version of the Emotional Exhaustion subscale from the MBI–HSS, and the
Disengagement subscale of the Oldenburg Burnout Inventory (OLBI; Demerouti, Bakker,
Vardakou, & Kantas, 2003). The UWES–9 and JES were selected because they are the two most
commonly used measures in the work engagement literature. Additionally, the MBI–HSS
emotional exhaustion subscale was chosen because of the historical and theoretical significance
of the MBI and the burnout construct to work engagement. Finally, the Disengagement subscale
of the OLBI was chosen so that there was a measure of the negative end of the work engagement
trait continuum conceptualized as disengagement (as opposed to exhaustion), a view that is more
in line with the conceptualization of the IPWES. In other words, this scale measures feeling
distant from work, bored with work, etc., rather than physically tired.
Consistent with theory and the findings from Study 1, I expected that the ideal point
model would fit the item responses better than the dominance model on the work engagement
scales that use an agreement response format (i.e., the JES and OLBI). However, the reverse
was expected for work engagement scales that use a frequency response format (i.e., the UWES
and modified MBI) because this response format may force a dominance response process (Tay,
2011). These analyses were included to test Tay’s argument regarding the effects of the response
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scale on the observance of an item response process. Specifically, frequency response scale
anchors should moderate the item stems resulting in items being located where the highest
frequency (rather than strongest agreement) occurs. This is, by definition, at the extremes of the
latent continuum.
Additionally, in Study 1 I found the rank-order of scores between the IPWES and the
DWES to differ considerably as one moves toward either extreme. This occurred because the
IPWES includes unfolding items which, as was shown in the study and as is noted in the ideal
point literature (Dalal & Carter, 2015; Stark, Chernyshenko, Drasgow, et al., 2006), increases
measurement precision in the extreme regions of the continuum. The present study builds on
those findings by looking at rank-order differences between average scores from each of the four
dominance-style scales (the most predominant way these scales are scored in research) and ideal
point θ estimates from the IPWES. Based on findings from the ideal point literature (Dalal &
Carter, 2015; Stark, Chernyshenko, Drasgow, et al., 2006), it was expected that the different
psychometric frameworks upon which the different scales are based (i.e., ideal point IRT vs.
dominance CTT) would produce considerable variation in scoring between the dominance-style
scales and the IPWES toward the extremes. Where scoring differences were found, it was
expected that IPWES scores would tending to be more intermediate than scores from the
dominance scales.
The results of this research should have practical value because they can help guide
decisions around the use of these existing work engagement scales, particularly the scoring
methodology to use. They may also point to any potential model misfit issues with these scales
that warrant attention from future researchers. Moreover, observance of a pattern of results in
line with the predictions from this study would provide the literature with important additional
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understanding around the empirical manifestation of the two different response processes
including why a dominance process might manifest when the construct is not a maximal one
(e.g., because of the response format used). Finally, these results can also be combined with
those from Study 1 to provide guidance to work engagement scale developers around scale
design and item construction decisions, as well as provide researchers and practitioners with
initial benchmarks to estimate the extent to which score differences that may manifest between
dominance and ideal point work engagement scales.
Method
Participants. Data for this study was collected alongside the data collected for Study 1.
The database compiled for Study 1 included a total of 1,558 participants across the three
independent samples (see Steps 2, 5, and 8 in Table 2). Data collected from Sample 3 (N = 559;
see Table 4, Step 8) was used for Study 2. In addition to the work engagement items that were
scaled in Study 1, the survey administered to Sample 3 participants included the extant measures
of work engagement and burnout from the literature mentioned above.
The sample was predominantly White (76.0%), male (53.8%), had an average age of
36.35 years (SD = 10.78), an average tenure of 6.48 years (SD = 5.93), and worked an average of
41.42 hours per week (SD = 7.89). Participants held a wide variety of jobs from diverse job
families (e.g., business and financial operations, management) and industries (e.g., educational
services, construction).
Measures. Utrecht Work Engagement Scale shortened 9-item version. One measure of
the positive end of the work engagement continuum was the shortened 9-item version of the
UWES (UWES–9; Schaufeli, Bakker, & Salanova, 2006). Participants responded to the items
using a 7-point frequency scale ranging from never to always. (Cronbach’s alpha for this and the
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remaining three measures was estimated as part of the model fit comparison process and are
presented in the Results section.)
Job Engagement Scale. The other measure of the positive end of the work engagement
continuum was the 18-item JES (Rich et al., 2010). The measure is comprised of three 6-item
subscales for the dimensions of physical, cognitive, and emotional engagement. Participants
responded to the items using a 5-point agreement scale ranging from strongly disagree to
strongly agree.
Maslach Burnout Inventory – Human Services Survey Emotional Exhaustion Subscale
(Modified). For the negative end of the work engagement continuum, the burnout dimension of
exhaustion was measured using an adapted version of the 9-item Emotional Exhaustion subscale
of the MBI–HSS (Maslach & Jackson, 1981). Two items that referred to working with people
were edited to refer to the job so that the measure was not specific to jobs involving working
with people. For example, the item “Working with people all day is really a strain for me” was
changed to “My job is really a strain for me.” With these modifications, the measure becomes
very similar to the General Survey and is not specific to individuals who do “people work.”
Participants responded to items using a 6-point frequency scale ranging from never to every day.
Oldenburg Burnout Inventory – Disengagement subscale. The other measure of the
negative end of the work engagement continuum was the 8-item disengagement subscale of the
OLBI (Demerouti et al., 2003). Participants responded to items using a 4-point agreement scale
ranging from strongly disagree to strongly agree. Four positively worded items were reversescored on this measure.
Ideal Point Work Engagement Scale. The IPWES is comprised of 20 items. Responses
to all items were made using a 4-point agreement scale ranging from strongly disagree to
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strongly agree. Work engagement scores from this measure were the GGUM θ estimates
obtained using the GGUM2004 program (Roberts et al., 2006) during the scale calibration in
Study 1.
Procedure. To test if the dominance process could account for item responses on the
measures, first, internal consistency reliability and corrected item–total correlations were
evaluated. Cronbach’s alpha ≥ .70 indicated acceptable internal consistency reliability and
corrected item–total correlations ≥ .30 indicated that each item related to the overall scale (less
that item) to an acceptable degree (Nunnally & Bernstein, 1994). If these criteria were satisfied,
the GRM was then fit to the data using MULTILOG. To test if the ideal point process could
account for item responses on the measures, the GGUM was fit to the data using GGUM2004.
After each model’s parameters were estimated, model fit statistics were obtained using
MODFIT. Absolute model fit and relative model fit for the two IRT models was determined
using the same criteria specified in Study 1.
To compare the rank-order of scores between the dominance scales and the IPWES, the
same approach used in Study 1 was used. Scores falling within various percentile ranges toward
the upper and lower ends of the score distribution were compared between each dominance scale
and the IPWES. Scoring comparisons were made in the following percentile ranges: θ ≤ 5th, 5th
< θ ≤ 10th, 10th < θ ≤ 25th, 25th < θ < 75th, 75th ≤ θ < 90th, 90th ≤ θ < 95th, θ ≥ 95th.
Results
Utrecht Work Engagement Scale. Scores from the UWES–9 had high internal
consistency reliability (α = .96). Additionally, all corrected item–total correlations were above
.30 and no item could be removed to improve reliability. Given the CTT support for
unidimensionality, the GRM was fit to the response data to see if the dominance process could
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account for the data. The model fit results are presented in Table 9. The average adjusted χ2/df
ratio for item singles was 8.03 and all item singles were ≥ 3.0. Thus, contrary to the CTT
analyses, inspection of the adjusted χ2/df ratios showed that the model did not demonstrate
acceptable fit to the data.
The standard errors for the parameter estimates were inspected to see if poor estimation
contributed to the model–data misfit. The majority of the standard errors were very low; one
exception was a standard error of .47 for the a parameter estimate for one item which was .47.
This was one possible contributor to the model–data misfit.
After the dominance analyses, the GGUM was fit to the response data to see if the ideal
point process could account for the data. As can be seen in Table 9, the average adjusted χ2/df
ratio for item singles was 7.23 and eight of nine item singles were ≥ 3.0. Thus, inspection of the
adjusted χ2/df ratios showed that neither the dominance nor the ideal point IRT model fit the data
well in an absolute sense.
In terms of relative fit, for both doubles and triples, the average χ2/df ratios for the GRM
were smaller than those for the GGUM. Consistent with expectations, these findings indicate
that the GRM fit the data better than the GGUM. However, given that neither model
demonstrated acceptable absolute fit, the relative fit results are tenuous and a conclusion cannot
be made with confidence. The GRM may have fit better than the GGUM, but the lack of absolute
fit suggests that the data did not meet core model assumptions such as unidimensionality.
To investigate whether the dominance model–data misfit could be attributed to a
misspecified factor structure (e.g., a three-factor model with separable vigor, dedication, and
absorption dimensions), an EFA was performed using principal axis factoring. An oblique
rotation was used given that the vigor, dedication, and absorption dimensions have been found to
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be extremely highly related in the literature (indeed most researchers simply collapse the three
scale scores into one). However, consistent with the previous results, only one factor could be
extracted from the data with that factor accounting for 77.0% of the variance. Additionally, all
items demonstrated factor loadings > .80. The results of the EFA strongly confirmed the
unidimensionality of scores from the nine items.
Given the multiple sources of support for unidimensionality, one possible cause of the
IRT model misfit is that the sample size was not large enough vis-à-vis the number of parameters
that needed to be estimated. Another is redundancy among the items, which violates the model
assumption of local independence, or that responses to observed items are conditionally
independent of each other given the latent score. Item responses to one (or more) of the items
may be overly predictable from responses to another (or others) so their responses may not be
considered independent of one another. Overall, the results from the basic CTT-based analysis
supported the dominance process, and the relative IRT model fit comparisons supported the
dominance process over the ideal point process for the UWES–9.
The scoring comparisons between the UWES–9 and the IPWES are presented in the first
section of Table 10. Focusing on the two extreme categories on either end of the scale, there
were notable differences between how individuals were categorized by the UWES compared to
the IPWES. For those in the 5th-10th UWES percentile range, 54% had a score above the 10th
percentile and 19% had a score at or below the 5th percentile on the IPWES. Among those who
scored at or below the 5th percentile on the UWES, 43% of them had a score that was above the
5th percentile on the IPWES. At the other end, for those in the 90th-95th UWES percentile range,
46% scored below the 90th percentile and 25% scored at or above the 95th percentile on the
IPWES. Among those who scored at or above the 95th percentile on the UWES, 64% of them
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scored below the 95th percentile on the IPWES. Thus, overall the rank-order of high and low
work engagement scores between the two scales showed large differences, especially within the
most extreme positive and negative ranges. This was especially the case for the most positive
extreme range.
Job Engagement Scale. Scores from the JES demonstrated high internal consistency
reliability (α = .97). Additionally, all corrected item–total correlations were above .30 and no
item could be removed to improve reliability. Given the support for unidimensionality, the GRM
was fit to the response data to see if the dominance process could account for the data. The
model fit results are presented in Table 9. The average adjusted χ2/df ratio for item singles was
70.18 and all item singles were ≥ 3.0. Thus, contrary to the CTT analyses, inspection of the
adjusted χ2/df ratios indicated that the model did not fit the data well.
The standard errors for the parameter estimates were inspected to see if poor estimation
contributed to the model–data misfit. The majority of the standard errors were very low, though
there were several exceptions: the a standard error for the a parameter estimate for four items
was > .30 and in one case was greater than .40; also, the standard error for the b1 parameter
estimate for five items was > .20 (which is notable because these standard errors tend to be lower
the those for a parameter estimates in the GRM) and in one case was > .30. Thus, poor
estimation is one potential reason for the poor model fit of the GRM to the JES response data.
After the dominance analyses, the GGUM was fit to the response data to see if the ideal
point process could account for the data. As can be seen in Table 9, the average adjusted χ2/df
ratio for item singles was 2.91 and 12 of the 18 item singles were ≤ 3.0. Thus, the ideal point
model demonstrated acceptable fit to the data. The TIF based on the GGUM for the JES is
depicted in Figure 6.
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Although the GRM did not demonstrate acceptable absolute fit, relative fit between the
models was nonetheless evaluated. For both doubles and triples, the average χ2/df ratios for the
GGUM were smaller than those for the GRM, confirming that the GGUM fit the data better.
Even though the GGUM was predicted to fit better, the extremely poor fit statistics for
the GRM were somewhat surprising. Although the authors of the scale found support for a
higher-order factor subsuming the three dimensions (Rich et al., 2010), this factor structure may
not have manifested in the presently used dataset. Additionally, the GRM may not be robust
enough against a hierarchical factor structure. Thus, the poor fit could have been attributed to a
misspecified factor structure under dominance assumptions. Subsequently, an EFA was
performed using principal axis factoring and an oblique rotation as was done by the original
developers of the scale. The same factor retention and item loading criteria were used here as in
Study 1 (i.e., eigenvalue ≥ 1.0, fewest number of factors that accounted for at least 60% of the
variance, item loading ≥ |.40|, no cross-loading ≥ |.30|).
The first factor was rather dominant and accounted for 70.0% of variation in scores,
though the unrotated factor matrix demonstrated many instances of items with cross-factor
loadings ≥ .30. The rotated factor matrix was much more interpretable and supported the twodimensional solution. All physical and all but one cognitive engagement items had loadings >
.60 on the first factor and all emotional engagement items had loadings > .80 on the second
factor. No item demonstrated a cross-factor loading ≥ .30 except the aforementioned cognitive
engagement item (“At work, I am absorbed by my job”), which loaded similarly on both factors.
Thus, the results of the EFA indeed did not support unidimensionality. However, rather than
supporting a three-factor model as originally identified by Rich et al. (2010), a two-factor model
was supported.
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An even more interesting and informative outcome of the factor analysis, however, was
the resultant factor loading plot (see Figure 7, Panel A for the factor loading plot using the
orthogonal rotation, Panel B for the factor loading plot using the oblique rotation). In the plots,
factor loadings were arranged along a line (rather than clustered around the axes) with the
semblance of a quarter-circle in the orthogonally-rotated solution when plotted against each
other. This is important because a semicircular pattern is characteristic of a set of
unidimensional unfoldable items (Davison, 1977), or items for which there is disagreement from
above and thus a downward “fold” in the item response function after the items’ location on the
trait continuum). Davison previously found that unfoldable items’ loadings on the first
component in principal components analysis (PCA), which is similar to factor analysis,
correspond to their locations along a bipolar dimension, with loadings on the second dimension
being artifactual. The resultant component plot from the application of PCA to unfoldable data
demonstrates component loadings in the shape of a semicircle. In the present case, items would
not load around a full semicircle but instead a quartercircle because of the lack of negatively and
intermediately worded items to complete a full bipolar continuum. Given this line of thought,
PCA with an orthogonal rotation was applied to the data to see if the component loadings would
demonstrate a quartercircular pattern. The resultant component plot (see Figure 7, Panel C)
shows evidence of a quartercircular pattern, supporting the ideal point process. That the
component loadings did not form more of a clear quartercircle may be because the scale was
developed under dominance assumptions and was designed to fit a dominance model.
An additional analysis was performed to identify if the data structure was ideal point in
form according to Davison’s (1977) specifications. Davison found that a correlation matrix of
ideal point items arranged from most positive to most negative would demonstrate a simplex
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pattern. That is, correlations would be positive and strong among items reflecting trait levels
near each other (i.e., similar trait locations). As the difference between items’ locations
increases, their correlations become weaker and approach zero, and then begin to become
stronger and negative as you move toward the opposite end of the continuum. Thus, a
correlation matrix of the JES items ordered by their GGUM δ parameter estimates was analyzed
(see Table 11). As can be seen in the table, the matrix forms a simplex pattern where, in general,
correlations were strongest between adjacent items and weakened as the distance between items
increased. These findings, together with the GGUM model fit analysis, support that JES item
scores followed an ideal point process.
The scoring comparisons between the JES and the IPWES are presented in the second
section of Table 10. Focusing on the two extreme categories on either end of the scale, there
were notable differences between how individuals were categorized by the JES compared to the
IPWES. For those in the 5th-10th JES percentile range, 65% had a score above the 10th percentile
and 4% had a score at or below the 5th percentile on the IPWES. Among those who scored at or
below the 5th percentile on the JES, 48% of them had a score that was above the 5th percentile on
the IPWES. At the other end, for those in the 90th-95th JES percentile range, 48% scored below
the 90th percentile and 24% scored at or above the 95th percentile on the IPWES. Among those
who scored at or above the 95th percentile on the JES, 65% of them scored below the 95th
percentile on the IPWES. These results are similar to the results for the score comparisons for
the UWES–9. In the case of the JES, there were more score differences toward the negative end
than they were for the UWES–9. Moreover, there were fewer instances where IPWES scores
were more extreme than JES scores than there were instances where the IPWES scores were
more extreme than the UWES–9 scores. Overall the rank-order of high and low work
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engagement scores between the JES and IPWES showed large differences, especially within the
most extreme positive and negative ranges. As with the UWES–9 score comparisons, this was
especially the case for the most positive extreme range.
Maslach Burnout Inventory – Human Services Survey Emotional Exhaustion
Subscale (Modified). Scores from the adapted MBI–HSS Emotional Exhaustion subscale had
high internal consistency (α = .97). Additionally, all corrected item–total correlations were
above .30 and no item could be removed to improve reliability. Given the support for
unidimensionality, the GRM was fit to the response data to see if the dominance process could
account for the data. The average adjusted χ2/df ratio for item singles was 12.33 and all item
singles were ≥ 3.0 (see Table 9). Thus, contrary to the CTT analyses, inspection of the adjusted
χ2/df ratios demonstrated that the model did not fit the data.
The standard errors for the parameter estimates were inspected to see if poor estimation
contributed to the model–data misfit. The majority of the standard errors were very low, though
the standard error for the a parameter estimate for two items was > .30 with one of them greater
than .40. Thus, the quality of parameter estimation may have been one contributor to the misfit
of the GRM to the MBI response data.
After the dominance analyses, the GGUM was fit to the response data to see if the ideal
point process could account for the data. As can be seen in Table 9, the average χ2/df ratio for
item singles was 24.93 and all nine item singles were ≥ 3.0. Thus, inspection of the adjusted
χ2/df ratios indicated that neither the dominance nor the ideal point IRT model fit the data in an
absolute sense.
In terms of relative fit, for both doubles and triples, the average χ2/df ratios for the GRM
were considerably smaller than those for the GGUM, suggesting that the GRM fit the data better.
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However, as with the UWES–9 results, the lack of satisfactory absolute fit for either model
makes these results very tenuous and does not allow for confidence in drawing conclusions.
I replicated the investigation that was done on the UWES–9 with the adapted MBI–HSS
subscale to see if the dominance model–data misfit was due to a misspecified factor structure,
although this seemed unlikely because this is a single subscale representing a specific theoretical
dimension of burnout. I ran an EFA using principal axis factoring. An oblique rotation was used
given the unlikeliness of independent dimensions.
A single dominant factor was extracted from the data with that factor accounting for
79.3% of the variance. Additionally, all items demonstrated factor loadings > .80. Thus, the
results of the EFA strongly confirmed the unidimensionality of scores from the nine items. It is
subsequently unclear why the dominance IRT model did not fit the data well. The misfit for this
scale may be due to the same reasons as were indicated for the UWES–9 (i.e., sample size was
possibly too small, redundancy among items and violation of local independence). Overall, the
results of the basic CTT-based analyses supported the dominance process and the relative IRT
model fit comparisons supported the dominance process over the ideal point process for the
adapted MBI–HSS Emotional Exhaustion subscale.
The scoring comparisons between the adapted MBI–HSS Emotional Exhaustion subscale
and the IPWES are presented in the third section of Table 10. Focusing on the two extreme
categories on either end of the scale, there were notable differences between how individuals
were categorized by the MBI compared to the IPWES (note that the percentile ranges being
compared between these two scales are different than those compared for the previous two scales
since higher scores on the MBI are meant to indicate less work engagement). For those in the
95th-90th MBI percentile range (i.e., low work engagement), 76% had a score above the 10th
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percentile and 14% had a score at or below the 5th percentile on the IPWES. Among those who
scored at or above the 95th percentile on the MBI (i.e., the least engaged), 59% of them had a
score that was above the 5th percentile on the IPWES. At the other end, for those in the 10th-5th
MBI percentile range (i.e., high work engagement), 50% scored below the 90th percentile and
17% scored at or above the 95th percentile on the IPWES. Among those who scored at or below
the 5th percentile on the MBI (i.e., the most engaged), 78% of them scored below the 95th
percentile on the IPWES. These results are similar those demonstrated with the UWES–9 and
JES scores. In the case of the MBI, there were more score differences at both ends than there
were for either the UWES or JES. Moreover, in comparison with the score differences found
with both other scales, there were fewer instances where IPWES scores were more extreme than
MBI scores. Overall the rank-order of high and low work engagement scores between the MBI
and IPWES showed large differences within the extreme positive and negative ranges. As with
the UWES and JES score comparisons, this was especially the case for the most positive extreme
range (i.e., the most engaged individuals).
Oldenburg Burnout Inventory – Disengagement subscale. Prior to the dominance
analyses, item scores for the positively worded items (i.e., the “engagement” items) were
reversed so that all items were worded in the disengagement direction. Scores from the OLBI’s
Disengagement subscale items were highly reliable (α = .89). Additionally, all corrected item–
total correlations were above .30, and no item could be removed to improve reliability. Given
the support for unidimensionality, the GRM was fit to the response data to see if the dominance
process could account for the data. The results are presented in Table 9. The average adjusted
χ2/df ratio for item singles was 0.00 and all item singles were ≤ 3.0. Thus, inspection of the
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adjusted χ2/df ratios indicated that the model fit the data. The TIF based on the GRM for the
Disengagement subscale is depicted in Panel A of Figure 8.
After the dominance analyses, the GGUM was fit to the response data to see if the ideal
point process could account for the data. In this case reverse-scoring was not necessary.
Replicating the GRM analysis, the average adjusted χ2/df ratio for item singles was 0.00 and all
eight item singles were ≤ 3.0 for the GGUM. Thus, inspection of the adjusted χ2/df ratios
indicated that the GGUM also demonstrated acceptable fit to the data. The TIF based on the
GGUM for the Disengagement subscale is depicted in Panel B of Figure 8.
Finally, the fit of the dominance and ideal point IRT models was compared. For both
doubles and triples, the average χ2/df ratios for the GRM were slightly smaller than those for the
GGUM. This indicated that, contrary to my expectations, the GRM fit the data slightly better
than the GGUM.
Given these unexpected findings, and since both models demonstrated similarly good
absolute fit to the data, additional investigation was done to gain more insight. An EFA was
performed using principal axis factoring and an oblique rotation, and principal components
analysis was performed with an orthogonal rotation. This was guided by the investigative
analyses on the JES above. Analyses were performed on the reverse-scored data.
The first factor was somewhat dominant and accounted for 58.4% of variation in scores
with the second factor accounting for an additional 14.0%. The unrotated factor matrix
demonstrated that four items had cross loadings ≥ .30. Unsurprisingly, these were the four
reverse-scored items. The rotated factor matrix for the oblique solution was much more
interpretable, had no cross-factor loading issues, and fully supported the two-dimensional
solution. All engagement items loaded on one factor and all disengagement items loaded on the

90

other. Thus, the results of the EFA did not support the unidimensionality of items from this
subscale. 9 A two-factor model was instead supported. The resultant factor loading plot (see
Figure 9, Panel A) did not, however, demonstrate a semicircular form like the JES. The two sets
of items distinctly clustered separately on the plot. The use of oblique (vs. orthogonal) rotation
impacted the item factor loading, however.
The analysis was run again using PCA with an orthogonal rotation in line with Davison
(1977), replicating the JES analysis above. A two-component solution was supported. As
expected, the rotated component matrix was uninterpretable and did not support independent
components. The resultant component plot (see Figure 9, Panel B) demonstrates what appears to
be a semicircular pattern but with a very large gap in the middle. This can be attributed to the
lack of intermediate items on the scale. The analysis was repeated using the reversed scores for
the positive items (because the scale measures disengagement) to see the resultant shape of the
component loading plot. Replicating the findings from the JES, the resultant component plot
(see Figure 9, Panel B) demonstrated a clear quartercircular shape when the component loadings
were plotted against each other. Thus, the exploratory PC analyses supported the contention that
individuals used ideal point responding on this scale. A correlation matrix of the Disengagement
subscale items ordered by their GGUM δ parameter estimates was subsequently analyzed (see
Table 12). As can be seen in the table, the matrix generally falls in line with a simplex pattern
where correlations between items are less positive as the difference between item delta values
increases, supporting the likelihood of responses being consistent with an ideal point process.

9

Note that the scale construction process, which may have included the use of EFAs, was not documented
in Demerouti et al. (2003). They did, however, find that a CFA measurement model that allowed some item
residuals to correlate fit the data better than the original model with uncorrelated residuals, which did not
demonstrate satisfactory fit. The particular items whose residuals were allowed to correlate were not specified.
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In summary, both the dominance and ideal point models fit the OLBI Disengagement
subscale data well. In terms of IRT model fit comparisons, the dominance model demonstrated
slightly better relative fit. However, the additional factor analytic, principal component, and
correlational investigation provided important additional insights that augment these initial CTT
and IRT analyses. These exploratory findings, specifically the observation of the semi/quartercircular principal components plots and simplex pattern of correlations, support that
responses followed an ideal point process.
Overall, the results were mixed, though they perhaps slightly favor the ideal point model.
That the dominance model fit the data in an absolute sense is unsurprising because the scale was
created under dominance assumptions. Observing that the ideal point model also fit the data
acceptably provides some support for an ideal point process—as was noted in the Introduction,
dominance and ideal point models produce similar item response functions when the items being
studied are extreme. Indeed, the GGUM δ estimates for all OLBI items were very extreme (i.e.,
δ > |3.0|). The dominance IRT model demonstrating slightly better fit than the ideal point model
did go against expectations, however. It may be the case that redundancies among the items
using the GGUM model (i.e., items were closely located and empirically indistinguishable)
increased model misfit with respect to the χ2/df ratio for item doubles and triples. For example,
the same two item pairs demonstrated the highest χ2/df ratio for doubles when fitting either the
GGUM or GRM to the data, but those values were much higher for the GGUM. The items in
each pair had similar δ estimates and relatively low and similar α estimates compared to the other
items in the scale when using the GGUM, which means they were providing highly similar
psychometric information (i.e., one was not adding much value over the other in discriminating
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between individuals). The model fit results and conclusions around the Disengagement scale are
elaborated in the Discussion section below.
The scoring comparisons between the OLBI Disengagement subscale and the IPWES are
presented in the fourth section of Table 10. Focusing on the two extreme categories on either
end of the scale, there were notable differences between how individuals were categorized by the
OLBI compared to the IPWES (as was the case for the MBI, the percentile ranges being
compared are different than those compared for the first two scales since higher scores on the
OLBI indicate less work engagement). For those in the 95th-90th OLBI percentile range (i.e., low
work engagement), 61% had a score above the 10th percentile and 14% had a score at or below
the 5th percentile on the IPWES. Among those who scored at or above the 95th percentile on the
OLBI (i.e., the least engaged), 46% of them had a score that was above the 5th percentile on the
IPWES. At the other end, for those in the 10th-5th OLBI percentile range (i.e., high work
engagement), 50% scored below the 90th percentile and 21% scored at or above the 95th
percentile on the IPWES. Among those who scored at or below the 5th percentile on the OLBI
(i.e., the most engaged), 62% of them scored below the 95th percentile on the IPWES. These
results are similar to those for the UWES and JES. Overall the rank-order of high and low work
engagement scores between the OLBI and IPWES showed many differences within the extreme
positive and negative ranges. As with the previous three score comparisons, this was especially
the case for the most positive extreme range (i.e., the most engaged individuals).
Discussion
The results of Study 2 mostly supported my predictions regarding the manifestation of
the dominance and ideal point response process on work engagement scales from the literature.
They also supported my predictions regarding rank-order differences between those scales.
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Regarding the response process, when individuals self-reported their engagement on scales that
use a frequency response format, their responses appeared to follow a dominance process. On
the other hand, when individuals self-reported their work engagement on scales that use an
agreement response format, their responses appeared to follow an ideal point process. An
important caveat here is that for one of those two scales that used an agreement response format,
the results were mostly mixed with both models receiving support.
The frequency-based scales included the UWES–9 and Emotional Exhaustion subscale of
the MBI. In the case of both of these scales, the dominance-based reliability analysis, corrected
item–total correlations, and exploratory factor analysis strongly supported the dimensionality and
internal consistency of the measures. These methods all assume that higher item scores indicate
more of the construct. Conversely, the GGUM did not fit the response data from these scales.
Interestingly though, in both cases the GRM did not fit the response data either. One possible
contributor to these results was the quality of the item parameter estimates. For both scales, the
standard errors for some item parameter estimates were somewhat high. These findings were not
due to misspecified dimensionality as factor analyses, internal consistency reliability, and item–
total correlations all supported the unidimensionality for both scales. Another potential reason
for this could have been low sample size which reduces the accuracy of parameter estimates.
However, a sample size of 559 participants should generally be sufficient to accurately estimate
parameters for a nine-item scale with six or seven response options. It is thus unclear what
caused the model–data misfit.
The agreement-based scales included the JES and the Disengagement subscale of the
OLBI. In the case of the JES, the GGUM demonstrated acceptable fit to the data whereas the
GRM did not. In fact, the GRM demonstrated very poor fit despite the high internal consistency
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of scores and strong item–total correlations for all items. Using factor and principal components
analyses and an inter-item correlation matrix to diagnose the problem and further investigate the
structure of the data, additional support was found for the ideal point process. Specifically, the
component loading plots demonstrated that the JES items fell roughly along the perimeter of a
quartercirclular arc within one of the quadrants rather than clustering together near one or
multiple component axes. Additionally, when the items were ordered high to low according to
their δ from the GGUM in an inter-item correlation matrix, a simplex pattern emerged. That is,
correlations between items located nearer to each other were generally more positive than
correlations between items located farther apart (though to be sure there were many exceptions).
Both of these findings support an unfoldable unidimensional continuum (i.e., a set of unfoldable
or ideal point items).
In the case of the Disengagement subscale of the OLBI, both the GGUM and GRM
demonstrated excellent fit the data, though GRM appeared to demonstrate slightly better relative
fit. This was investigated further to identify additional evidence supporting one model or the
other. The same investigative analyses that were used for the JES were also used here and with
similar outcomes. That is, the component plots demonstrated item loadings in a semi- or
quartercircular pattern, and the inter-item correlation matrix generally manifested as a simplex
pattern. Thus, at first glance the dominance process appeared to be supported over the ideal
point model. However, upon further investigation, the results pointed to the ideal point process.
It is not incompatible that the analyses supported both response processes. This is
because a dominance process can appear to operate among a set of unfoldable items when those
items are located toward the extremes of the latent continuum or that are marginal so both can
statistically fit the data. This is the very reason why dominance models demonstrate adequate fit
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in contexts where the ideal point process is theorized to occur (Stark et al., 2006). Indeed, as has
been found in the literature, an ideal point model will commonly fit as well or better than a
dominance model when applied to response data from scales developed (and demonstrating good
fit) under dominance assumptions (Dalal & Carter, 2015; Stark, Chernyshenko, & Drasgow,
2006; Tay et al., 2009). When using standard dominance-based scaling procedures, as was the
case in the construction of the OLBI, those procedures by definition select items that
satisfactorily fit the data in line with dominance assumptions. Looking at the rather extreme
GGUM δ estimates for the OLBI items, this was indeed the case. The item response functions
for these items thus would appear dominance in form.
Finally, regarding the scoring comparisons, it was observed that scores toward the
positive and negative ends of the work engagement continuum differed considerably between
each of the dominance scales and the IPWES in terms of the percentile ranges within which
those scores fell. In most cases where a score’s percentile range differed between scales, the
score from the IPWES was estimated to be more moderate relative to the participant’s
corresponding score from the dominance scales. However, a nonnegligible number of
participants were measured as having a more extreme level of work engagement on the IPWES,
though. These findings dovetail with those from Study 1 regarding the scoring comparisons
between the IPWES and DWES. Also consistent with Study 1 was the finding that across all
scales, scoring differences were more frequent toward the positive (i.e., high work engagement)
end of the continuum. An important difference between studies, though, is that in the present
study the score differences between pairs of scales were even larger than those found in Study 1.
This was consistent with expectations.
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The observed score differences were likely driven in large part by the use of IRT θ
estimation to score the IPWES whereas average scores were used to score participants across all
the dominance-style scales studied here. This is almost exclusively how these scales are scored
in the literature. Regardless of the response process, IRT θ estimation provides more accurate
estimates of the measured construct than summing or averaging item scores. However, it was
not likely just the IRT vs. CTT scoring methodology that drove these differences. The IPWES
fully leverages the ideal point framework by including many intermediate items. These items
increase the scale’s measurement precision of individuals toward the positive and negative
extremes on the work engagement continuum. Overall, irrespective of the model fit results, the
scores from the IPWES are likely more accurate than those from the dominance scales.
One could also make the argument that the observed score differences could have been
driven by the differing number of items between the scales (20 vs. 9, 18, 9, and 8, respectively),
which may contribute to differing levels of measurement precision, and/or due to differing
conceptualizations that underly each of the scales (i.e., differences in the conceptual space being
measured). Both of these factors indeed likely contributed to the score differences that
manifested. Unfortunately, the effects of the different factors mentioned here (i.e., scoring
model, number of items, underlying conceptualization) cannot be disentangled here. This is one
limitation of the present study and an area for future research.
What these results in combination from those from Study 1 suggest is that the choice of
using a dominance versus ideal point work engagement scale could result in fairly substantial
differences that could impact personnel decisions in practice and certain statistical relationships
studied and conclusions about those relationships made in research.
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A major limitation of Study 2 was the use of the same dataset as from Study 1. This
increases the susceptibility to capitalize on chance and presents a threat to the generalizability of
the findings. However, it should be noted that Study 2 included the investigation of unique
research questions and analyses of four unique measures that were not included in Study 1. It
would nevertheless be valuable and informative for future research to replicate these analyses
using an independent sample.
Overall, the results of Study 2 lend additional support to my general theoretical
arguments as well as the findings from Study 1. Namely, they support that self-report
engagement data tends to conform to the ideal point process when an agreement response format
is used. The response format is an important qualifier as the response format a scale uses
appears to be a critical boundary condition for observing this process. A frequency response
format imposes the manifestation of a dominance process and relegates the ideal point process to
occur among the response anchors. That is, the different frequency anchors transform a
frequency-less item stem into X graded item statements of different frequencies from which to
identify one’s ideal point on the latent continuum (e.g., from “never strong and vigorous,” to
“always strong and vigorous”).
The results of both studies provide some support for the argument that individuals use an
ideal point response process to self-report their work engagement, with this process more directly
manifesting when an agreement response format is used. With this underlying support
established, I proceed by investigating the construct validity of the IPWES in Study 3. This is an
important next step as the results of this research will not only be used to determine the level of
support for the using scale in research and practice, but also to demonstrate that developing and
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scoring a work engagement scale within an ideal point framework does not reduce its construct
validity.
Study 3
In Study 1, a new type of work engagement scale was developed in the IPWES. The
results of that research provide several sources of construct validity evidence including content
validity, structural validity, and reliability (Crocker & Algina, 2006; Cronbach & Meehl, 1955;
Messick, 1995; Schwab, 1980). Study 3 investigated additional important sources of evidence to
more comprehensively validate the IPWES. Additionally, Study 3 compared how this ideal
point scale performs relative to previously validated and commonly used dominance-style scales
from the literature to identify any possible impacts the adoption of the ideal point approach may
have on the validity of work engagement scores. The comparison scales included the UWES–9,
JES, a modified version of the MBI Emotional Exhaustion subscale, and the OLBI
Disengagement subscale.
The general validation approach adopted involves obtaining multiple types of construct
validity evidence. First, relationships between the IPWES and measures of predictors and
criteria that have been supported by previous engagement theory and empirical findings (i.e.,
relationships within the nomological network) were tested. Evidence of this nature is referred to
as nomological validity evidence (Campbell, 1960). Second, the test-retest reliability of scores
were investigated to understand the stability of respondents’ level of work engagement as
measured by the IPWES over time. Since work engagement is theorized to be a psychological
state, individuals’ scores on the IPWES should demonstrate at least modest variability over time.
Third, the scale’s relationships with other engagement scales, measures of similar but
theoretically distinct constructs, and measures of unrelated constructs (i.e.,
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convergent/discriminant validity) were analyzed and compared. Finally, the variance it explains
in important criteria over and above alternative engagement measures (i.e., incremental
predictive validity) were investigated.
Method
Nomological validity. Critical to establishing the construct validity of a measure is
demonstrating that it operates in a nomological network as predicted by theory (Cronbach &
Meehl, 1955). Stated differently, the IPWES should demonstrate theoretically consistent
empirical relationships with measures of other constructs. In the present study, relationships
between work engagement and several predictors and criteria established in previous research
were tested using correlations and time-separated measurement between predictor and criterion
constructs. Note that while the hypotheses below are stated in general terms (i.e., “work
engagement”), the focus is on the relationships demonstrated by the IPWES. The pattern and
magnitude of the relationships with the IPWES will be also qualitatively compared with those
with comparison work engagement scales to augment the statistical tests.
Predictor and criterion constructs were selected to be representative of the constructs that
have received attention and were included in theoretical models in the work engagement
literature. Researchers have investigated the relationship between work engagement and many
different types of constructs such as job design factors, personality traits, job attitudes, wellbeing indicators, and job performance. Constructs included for validation were sampled from
these broad groups based on their relative importance, level of attention in the literature, and
theoretical relevance to work engagement.
Below is a summary of the hypothesized relationships; the reader is referred to the
Introduction section for a high-level summary regarding the relevant theory and empirical
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evidence supporting the majority of these relationships. Additional supporting information is
provided below.
The predictors that were investigated come from three broad categories: (1) job
characteristics, (2) workplace behaviors, and (3) personality traits. The hypothesized
relationships are summarized in Figure 10. The job characteristics predictors include job
resources, challenging job demands, and hindering job demands. The theoretical and empirical
evidence supporting the relationship between job characteristics from these three job design
categories and work engagement was thoroughly described in the Introduction section (see the
Theories of Work Engagement section). To summarize, job resources should be positively
related to work engagement because they are intrinsically desirable or because they help workers
handle the demands of their job (Bakker et al., 2014; Crawford et al., 2010). Challenging job
demands should be positively related to work engagement because these demands provide
growth and development potential and opportunities for workers to demonstrate their ability.
Finally hindering job demands should be negatively related to work engagement because these
demands slow or prevent goal accomplishment do not make potential positive contributions for
workers. The present study investigated the relationship between work engagement and the job
resources of work autonomy, feedback from others, task variety, and demands–abilities fit, the
challenging job demands of cognitive demands and time urgency, and the hindering job demands
of role ambiguity and illegitimate tasks.
Hypothesis 1: Work engagement is positively related with (a) work autonomy, (b)
feedback from others, (c) task variety, (d) demands–abilities fit, (e) cognitive demands,
and (f) time urgency, and negatively related with (g) role ambiguity and (h) illegitimate
tasks.
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The second category of predictors includes job crafting behaviors. 10 Job crafting refers to
self-initiated bottom-up job redesign behaviors employees engage in to change the characteristics
of their job (Tims & Bakker, 2010; Wrzesniewski & Dutton, 2001). The most popular job
crafting framework derives from and is closely aligned with the JD–R model (Tims & Bakker,
2010; Tims, Bakker, & Derks, 2012). The first dimension from this framework is increasing
structural job resources, which involves changes to resources related to responsibility and
development (e.g., autonomy, variety, opportunities to development oneself). The second
dimension is increasing social job resources, which involves changes to resources related to the
social elements of the job role (e.g., coworker support, feedback). The third dimension is
increasing challenging job demands, which involves altering the job context to increase the level
of challenge (e.g., workload, more complex tasks). Overall, individuals engage in job crafting to
increase the fit between the demands of the job and the worker’s abilities, or the supplies that the
job offers and the worker’s needs. Job crafting thus theoretically increases work engagement
because workers become better equipped to handle the job and get more of what they want out of
it because of the way they have been able to alter their job characteristics. Empirical research
has indeed demonstrated consistent positive relationships between each of these three forms of
job crafting and work engagement (Bakker et al., 2012; Tims et al., 2012; Tims, Bakker, &
Derks, 2013). These three job crafting dimensions are thus predicted to be positively related to
work engagement. 11

10

While some have studied job crafting as a criterion of engagement (e.g., Lu, Wang, Lu, Du, & Bakker,
2014), it is most commonly studied as a predictor of work engagement or as a predictor of conditions that facilitate
work engagement (e.g., person–job fit).
11
The fourth and final job crafting dimension involves decreasing hindering job demands. The relationship
between this form of job crafting and engagement has received far less attention in the literature. Initially, a positive
relationship was proposed: the elimination of hindrances was assumed to produce greater engagement. However,
this was not empirically supported (Tims et al., 2012). Few other studies have investigated this relationship, with
most of these failing to find a significant relationship. The lack of clear evidence on the nature of this relationship
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Hypothesis 2: Work engagement is positively related to (a) increasing structural job
resources, (b) increasing social job resources, and (c) increasing challenging job
demands.
The third category of predictors is personality traits. Personality relates to work
engagement because it shapes how individuals appraise and respond to their environment as well
as the types of work environments they find themselves in (Bakker et al., 2014; Mäkikangas et
al., 2013). Bakker et al. also suggested that personality may be important for work engagement
because certain traits, or certain profiles of traits, may allow individuals to better mobilize their
job resources. Theoretical and empirical support for the association of traits with engagement is
strongest around the Big 5 traits of extraversion, neuroticism, and conscientiousness.
Extraversion is believed to be related to work engagement due to extraverts’ tendency to
experience positive emotions and high activation as well as more optimal well-being criteria
(Inceoglu & Warr, 2011; Langelaan et al., 2006). Conversely, neuroticism is argued to be
negatively related to work engagement because of its association with negative emotions and
more negative well-being criteria. Most research supports a positive relationship between
extraversion and work engagement and (although somewhat less consistently) a negative
relationship between neuroticism and work engagement (Mäkikangas et al., 2013).
Conscientiousness is likely associated with high work engagement because those high in this
trait tend to focus on striving toward achievement goals (H. J. Kim et al., 2009). They also tend
to be personally responsible and invest their energy in work. This is a common thread
underlying work engagement. Consistent with this, conscientiousness has indeed been found to
be a strong predictor of work engagement, perhaps stronger than any other five-factor model trait
makes it a poor basis for evaluating the nomological validity of the IPWES. Therefore, it was not investigated in the
present study.
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(Akhtar, Boustani, Tsivrikos, & Chamorro-Premuzic, 2015; H. J. Kim et al., 2009; Mäkikangas
et al., 2013). Overall, work engagement is expected to positively relate to extraversion and
conscientiousness and negatively relate to neuroticism.
Hypothesis 3: Work engagement is positively related to (a) extraversion and (b)
conscientiousness, and negatively related to (c) neuroticism.
The criterion constructs that were investigated fall into four categories. The first category
is job attitudes. The present study investigates the job attitudes of job satisfaction and
organizational commitment. Job satisfaction refers to a positive or negative evaluative judgment
an individual makes about his or her job (Weiss, 2002). Organizational commitment refers to a
volitional bond reflecting an individual’s dedication to and responsibility for the organization
(Klein, Molloy, & Brinsfield, 2012). It should be noted that the distinction between work
engagement and various job attitudes has been debated and theoretically and empirically
investigated (Macey & Schneider, 2008; Newman & Harrison, 2008; Schaufeli & Bakker, 2010).
Work engagement does share conceptual overlap with many job attitude constructs, but can be
theoretically and empirically distinguished (Alarcon & Lyons, 2011; Hallberg & Schaufeli,
2006). At a high level, the primary distinction between work engagement and job satisfaction is
that work engagement is an experience while doing work whereas job satisfaction refers to an
evaluation or evaluative judgment about the job (Schaufeli & Bakker, 2010). There are also
other distinctions that are finer grained such as that job satisfaction can be experienced at many
levels (e.g., global satisfaction or satisfaction with specific facets of the job) whereas work
engagement focuses solely about the experience while doing the work itself (Alarcon & Lyons,
2011). Regarding organizational commitment, this construct refers to the connection between an
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individual and his or her organization rather than a transient state of energy and absorption that
the individual experiences while doing the work.
Workers who are highly engaged are likely to have more positive attitudes about their job
and attachment to their organization because the job context affords them the resources and
challenges that keep them motivated and in a positive state (Halbesleben, 2010; Saks, 2006;
Schaufeli & Bakker, 2004). When workers experience high levels of engagement at work, their
positive experience from doing the work that is part of their job may begin to become associated
with the job—the job may be seen as the determinant of the positive, pleasurable experience.
Similarly, when employees become attached to and engaged in their work, they may
subsequently feel more connected to their coworkers and the organization and ultimately form a
bond with their organization (W. Kim et al., 2017). Thus, positive relationships are predicted for
both job satisfaction and organizational commitment.
Hypothesis 4: Work engagement is positively related with (a) job satisfaction and (b)
organizational commitment.
The second criterion category is job performance and performance-related constructs.
The present study looked at the performance-related constructs of work intensity and
counterproductive work behaviors (CWBs). Work intensity refers to energy exerted per unit of
time (Brown & Leigh, 1996; Burke, Fiksenbaum, & Singh, 2010). It is a core dimension of
effort or the idea of “working hard” along with time commitment/persistence. CWBs are
volitional acts that harm or intend to harm organizations or organizational stakeholders (Spector
& Fox, 2005). Work engagement is believed to be positively related to performance-related
constructs because workers have a surplus of resources vis-à-vis demands. This results in the
worker perceiving a positive exchange relationship with the organization (Blau, 1964). Engaged
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workers are thus able to invest their surplus resources in different aspects of job performance
(Bakker, Hakanen, Demerouti, & Xanthopoulou, 2007; Boekhorst, Singh, & Frawley, 2015;
Halbesleben & Wheeler, 2008). Or, from another perspective, they are working in a context that
allows them to express their self positively and fully into the work role (Kahn, 1990).
In terms of work intensity, highly engaged employees can channel their own physical,
cognitive, and emotional energies into their work performance as well as their surplus job
resources. To be able to work intensely, it is likely that one is very focused and deeply immersed
in the work—in a state of high engagement. The engagement-to-intensity relationship is driven
by an individual’s strong psychological desire to work intensely (i.e., intrinsic motivation) as
well due to external determinants common to both constructs, including job characteristics
(Burke et al., 2010; Kane-Frieder, Hochwarter, & Ferris, 2013).
Similarly, engaged workers are less likely to demonstrate CWBs because they do not
perceive a deficit of resources or negative social exchange (Sulea et al., 2012). A resource
deficit would be interpreted as an unfair transaction between the organization and the worker and
thus facilitate negative work criteria. Being highly engaged implies that one likely has the
support and resources needed to focus and work effectively (e.g., positive policies, limited
distractions, encouragement), otherwise one would have trouble maintaining the focus and
feeling the highly-activated positive affect characteristics of this state. Employees who are less
engaged (e.g., feeling bored, dejected, and/or unfocused) may try to cut corners or perhaps even
actively perform negative actions at work such as coming in late or insulting their coworkers as a
consequence of their frustrations and negative emotions. Thus, engagement is predicted to be
positively related to work intensity and negatively related to CWBs.
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Hypothesis 5: Work engagement is (a) positively related with work intensity, and (b)
negatively related with counterproductive work behaviors.
The third criterion category is withdrawal behaviors. The present study looked at the
withdrawal behaviors of turnover intentions and non-illness-related absenteeism. Similar to what
was noted above regarding job performance and job attitudes, workers are engaged because the
organization provides a surplus of resources over demands and satisfies critical conditions which
allows workers the freedom to fully express their self. This equitable social exchange should
translate to engaged workers “giving back” to the organization in the form of their presence and
loyalty (Halbesleben & Wheeler, 2008; Kahn, 1990; Schaufeli & Bakker, 2004). Thus, work
engagement should result in less voluntary absenteeism and lower intent to quit because of the
positive exchange relationship that would exist between the organization and the worker.
Hypothesis 6: Work engagement is negatively related with (a) turnover intentions and (b)
voluntary absenteeism.
Finally, the fourth criterion category is employee health. This includes illness-related
absenteeism and physical symptoms. When engaged, employees have the job and personal
resources needed to address the demands on their jobs, as well as to work in a way where they do
not need to constrain or hide any part of their self (Kahn, 1990). Thus, they are not forced to
chronically overextend or suppress themselves such that they degrade their health and wellbeing. Additionally, the positive cognitive and affective psychological state of high engagement
is itself an indicator of positive work-related well-being. For these reasons, engagement is
expected to be negatively related to physical symptoms and absenteeism due to illness.
Empirical support for these relationships were noted in the Introduction.
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Hypothesis 7: Work engagement is negatively related with (a) illness-related absenteeism
and (b) physical symptoms.
To compensate for the problem of the increased likelihood of a Type I error with multiple
comparisons, a Bonferroni correction was applied to the alpha level (α) of .05 using the formula
α/m where m is the number of significance tests (22 in this case). The adjusted significance level
was .002.
Test-retest reliability. Test information provides evidence of the reliability of scores
from a single administration of an instrument when using IRT. As was demonstrated in Study 1,
the IPWES has very high reliability across the range of θ. However, the conceptual definition of
work engagement underlying the IPWES specifies that it is a state and as such individual
engagement scores may vary over time. Fluctuation may be due to changes in job characteristics
or the particular tasks the individual is working on—sometimes an individual may be working on
interesting tasks in a context conducive to progress and achievement, while other times the work
may be boring and must be done while combatting organizational hindrances. There is also
likely to be an aspect of work engagement that is stable and enduring due to individuals’
predispositions (Macey & Schneider, 2008). For example, individuals high in conscientiousness
tend to be driven and focused, and individuals high in trait positive affectivity experience
positive affect states with high frequency.
Addressing this question, Schaufeli et al. (2006) found the UWES–9 scores to have testretest reliability ranging from .56 to .71 across several different countries over a one-year period.
This is a relatively wide range with the upper estimates being rather high. It is possible,
however, that the stability of participants’ scores on this scale may have been inflated by the
(lack of) temporal specificity in the instructions. The IPWES does in fact specify a brief and
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recent duration of time (i.e., previous five work days). Another set of previous test-retest
findings useful for reference here would be scales measuring mood states. Watson et al. (1988)
found scores from the positive and negative mood scales from the PANAS with the “past few
weeks” instructions to have test-retest reliability of .58 and .48, respectively, over a two-month
period. These are similar to the low-end estimates from Schaufeli et al. Also, compare these
reliabilities with the “general” PANAS instructions, which measure trait affect. Using these
instructions, test-retest reliabilities were .68 and .71 over the same two-month period for trait
positive and negative affectivity, respectively. These are similar to the high-end estimates from
Schaufeli et al. Perhaps more directly comparable to the IPWES, Watson et al. found scores
with the “past week” instructions to have test-retest reliability of .47 for both mood scales. Thus,
test-retest reliability for scores from the IPWES may fall within a range of about .50 to .70,
though should theoretically fall closer to the lower end of this range.
The test-retest reliability of the IPWES was thus investigated by correlating participants’
GGUM θ estimates from Time 1 and Time 2, a one-month interval. The test-retest reliability of
the UWES–9 and positive and negative mood scales was investigated alongside that of the
IPWES for qualitative comparative purposes.
Convergent and discriminant validity. The convergent/discriminant validity of the
IPWES was investigated using a multitrait-multimethod (MTMM) approach (Campbell & Fiske,
1959). The MTMM approach involves examining the pattern of the relationships the focal
measure demonstrates with other measures of the same construct as well as measures of distinct
constructs. This is meant to show convergence between the engagement measures as well as the
ability to discriminate between the IPWES and measures of dissimilar constructs. Note that
convergent/discriminant validity analyses involved investigating observed correlations rather
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than the more common approach in recent studies of comparing nested CFA models and
investigating latent correlations because ideal point scoring (logically) does not meet the
dominance assumptions of CFA models.
The convergent validity of the IPWES was evaluated by investigating correlations
between IPWES θ estimates (hereafter referred to simply as scores) and scores from the extant
measures of work engagement (and job burnout) investigated in Study 2 (i.e., convergent validity
coefficients). This included the UWES–9, the JES, a modified version of the MBI–HSS
Emotional Exhaustion subscale, and the Disengagement subscale of the OLBI. Mean scale
scores were used for the comparison work engagement scales to be consistent with how these
scales are almost always used in research and practice. This would allow for would the most
informative comparisons.
Discriminant validity was evaluated in two ways. The first involved investigating
correlations between IPWES scores and the demographic measures of age, sex, average hours
worked per week, and organizational tenure (i.e., discriminant validity coefficients), variables
with which work engagement should be unrelated or very weakly related. There is a paucity of
research in the literature that focuses on direct relationships between demographic variables and
work engagement. This is likely because there is little theoretical reason for such relationships
that cannot be explained by a correlated (and uncontrolled) third variable or mediator. For
example, one’s sex should not itself play any role in determining how much one enjoys his or her
work when looking across jobs and industries. Similarly, simply working more hours does not
necessarily lead to higher engagement. In this case, it is possible that a slight relationship would
be observed, but this might be because some individuals choose to or unintentionally (because
time flies by!) work more because they like the work or self-selected into jobs they desire that
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happen to require working longer hours. However, on the other hand, many individuals might
not actually be engaged in their work but nonetheless are working longer hours because the job
requires it, they need to earn more money to pay their bills, etc. Organizational tenure and age
might similarly be found to slightly relate to work engagement because older and/or more
tenured workers are more likely hold jobs or be closer to reaching jobs in line with their
vocational interests and career aspirations, or simply more challenging and intrinsically
motivating jobs, as compared with younger/less tenured workers. Thus, the relationships
between the demographic variables and work engagement in the present study were expected to
be very weak or close to zero.
The second way the discriminant validity of the IPWES was evaluated involved
investigating correlations between IPWES scores and scores from measures of the theoretically
distinct but related constructs of mood, work intensity, job satisfaction, and organizational
commitment. In the literature there has been some debate as to whether the work engagement
construct is merely “old wine in new bottles,” or a relabeling of psychological constructs that
have already been conceptualized and studied (Macey & Schneider, 2008; Newman & Harrison,
2008; Schaufeli & Bakker, 2010). This topic was alluded to above in the Nomological Validity
section when discussing work engagement’s relationships with job satisfaction and
organizational commitment. In the literature, work engagement has also been conflated with
mood. Moods are globalized affective states that are not linked with particular cause or directed
at an object, and are generally of a low level of intensity so as not to interrupt ongoing cognition
(Frijda, 1993). On the other hand, work engagement is domain-specific and directly linked with
a causal object (i.e., work), and also importantly includes cognitive components like attention
and absorption (Schaufeli & Bakker, 2010). Finally, Macey and Schneider looped in work
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intensity as a form of what they refer to as “engagement as a behavior.” The primary distinction
then logically is that work engagement, as studied here, is a psychological state rather than a
behavior. Work intensity refers to the amount of physical energy invested into work whereas
work engagement refers to the psychological experience while doing the work.
All relationships investigated in the convergent/discriminant validity analyses were
expected to be positive except those involving demographic variables (close to zero and no
expected direction except for age, which may demonstrate a slight positive relationship) and
those involving job burnout and negative mood (negative). Table 13 and the Measures section
below provide more information on the measures that will be used and the type of validity
evidence the measure will be used to investigate. Convergent and discriminant validity evidence
were based primarily on the pattern of magnitudes of the convergent and discriminant validity
coefficients.
Stronger convergent validity coefficients than discriminant validity coefficients for the
IPWES would support that scores from this scale are more closely related to those from work
engagement measures than scores from measures of other constructs. Strong convergent validity
coefficients in an absolute sense would provide additional evidence supporting that the measures
are tapping the same construct. Determining a cutoff or range is difficult, however. Previous
research including two or more work engagement measures has demonstrated a wide range of
correlations, especially at the subscale level (e.g., Byrne et al., 2016; Cole et al., 2012;
Demerouti et al., 2003; Demerouti et al., 2010; Shuck, Adelson, & Reio, 2016; Zigarmi, Nimon,
& Shuck, 2014). Considering the findings from this literature as a whole, rs ≥ |.50| between the
IPWES and the other work engagement measures would provide additional convergent validity
support.
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In terms of discriminant validity, weaker relationships were expected between the IPWES
and the measures of the conceptually distinct constructs noted above as compared with its
relationships with the other measures of work engagement. This provides a strong test of
discriminant validity as these are highly related constructs with which work engagement is often
conflated (Macey & Schneider, 2008; Schaufeli & Bakker, 2010) and even considered redundant
(Newman & Harrison, 2008; Newman, Joseph, & Hulin, 2010). Thus, while these particular
discriminant validity coefficients should be weaker than the convergent validity coefficients,
they should still be fairly substantial (i.e., rs of .20 to .50) due to theoretical overlap.
Relationships between the IPWES and demographic variables were expected to be closer to zero
(i.e., rs < .20).
Incremental predictive validity. The incremental predictive validity of the IPWES was
examined by investigating if it explains unique variance in the criterion variables over and above
each of the previous engagement measures. The purpose of this is to demonstrate that the
IPWES increases our knowledge beyond what would be known using existing measures (Haynes
& Lench, 2003). The IPWES should be able to explain variation over and above other work
engagement measures because of both the unique conceptual and operational definition of the
measure as well as the ideal point nature of the scale (i.e., the inclusion of items with diverse trait
locations that differentiate individuals well at all levels of engagement). However, these two
characteristics cannot be disentangled as you cannot have the content without using the ideal
point scoring approach and vice versa. The incremental predictive validity of the IPWES will be
examined by testing if it significantly predicts unique variance in each of the criteria over and
above each of the previously established work engagement measures in turn using a series of
hierarchical regression analyses. Separate analyses will be conducted for each comparison work
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engagement measure and each criterion construct. First, the comparison work engagement
measure from Time 1 was entered as a predictor of the criterion at Time 2. In the second step,
the IPWES at Time 1 was entered as a predictor. Predictor variables were standardized to
ameliorate issues around multicollinearity given that the correlation between the engagement
scales will likely be very strong (Cohen, Cohen, West, & Aiken, 2003). Additionally, given the
large number of hypotheses being tested (32), a Bonferroni-corrected p-value of .0016 was used
to determine statistical significance.
Hypothesis 8: The IPWES will account for incremental variance in the job attitude
criteria of (a) job satisfaction and (b) organizational commitment beyond the (i) UWES–
9, (ii) JES, (iii) MBI–HSS Emotional Exhaustion subscale, and (iv) OLBI Disengagement
subscale.
Hypothesis 9: The IPWES will account for incremental variance in the job performance
criteria of (a) work intensity and (b) counterproductive work behavior beyond the (i)
UWES–9, (ii) JES, (iii) MBI–HSS Emotional Exhaustion, and (iv) OLBI Disengagement
scales.
Hypothesis 10: The IPWES will account for incremental variance in the withdrawal
criteria of (a) turnover intentions and (b) voluntary absenteeism beyond the (i) UWES–9,
(ii) JES, (iii) MBI–HSS Emotional Exhaustion subscale, and (iv) OLBI Disengagement
subscale.
Hypothesis 11: The IPWES will account for incremental variance in the employee health
criteria of (a) illness-related absenteeism and (b) physical symptoms beyond the (i)
UWES–0, (ii) JES, (iii) MBI–HSS Emotional Exhaustion subscale, and (iv) OLBI
Disengagement subscale.
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Participants. Data for this study was collected alongside the data collected for Studies 1
and 2. The database includes self-report data from 2 time points. The scale database includes
1,558 participants in total across three independent samples collected during the scale
development process (see Study 1 and Study 2 sections for more detail about the data collection
procedures; see also Table 2). The survey administered to the participants in the third sample (N
= 559; i.e., the Time 1 validation dataset) included several measures to used evaluate validity in
addition to the work engagement items to be scaled. Additionally, these participants were
informed that they may be contacted about a month later to fill out a similar and shorter followup survey. Usable follow-up data was subsequently collected for 294 participants from Time 1
(i.e., the Time 2 validation dataset). Given the archival nature of the data, a post-hoc power
analysis was conducted using G*Power 3.1.9.2 (Faul, Erdfelder, Lang, & Buchner, 2007) to
determine the magnitude of correlation that would be statistically significant given the sample
sizes at both time points. With power (1 – β) set at .80 and α = .05, two-tailed, a correlation of
about |.07| would be significant when N = 1,558, and a correlation of about |.16| would be
significant when N = 294. Thus, there was power to detect statistical significance for even small
effect sizes (Cohen, 1988) in the present study.
To be included in the study, participants had to be between the ages of 18 and 65,
currently working full-time in the United States for an organization other than Amazon
Mechanical Turk, and working at that organization for at least 3 months. Participants meeting
the inclusion criteria were allowed to proceed to the survey and were paid $1.25 for
participating. Those who participated in the follow-up survey were paid an additional $1.25.
Three attention check items (e.g., “For this item, please select strongly agree as your answer”)
were incorporated into each of the Time 1 and Time 2 surveys. The measures for each survey
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were divided into blocks with attention items randomly placed within the blocks. Participants
who failed to correctly respond to all attention items in a given block were shown a warning
message stating that their responses indicated that they were not paying close enough attention
and the block of items was presented for participants to redo. Participants who failed to correctly
respond to all attention items in a block twice were dropped from the survey and their data were
excluded from analyses.
The final sample from Time 1 was predominantly White (76.0%) and male (53.8%), had
an average age of 36.35 years (SD = 10.78) and an average tenure of 6.48 years (SD = 5.93), and
worked an average of 41.42 hours per week (SD = 7.89). Participants held a wide variety of jobs
from diverse job families (e.g., business and financial operations, management) and industries
(e.g., educational services, construction). The final sample from Time 2 had similar
demographic characteristics: White (77.2%), male (53.7%), average age of 37.72 (SD = 11.10),
average tenure of 7.02 years (SD = 6.27), and 41.76 average hours worked per week (SD = 7.76).
Measures. The IPWES, UWES–9, and measures of positive and negative mood were all
administered at both times (details provided below). The Time 1 survey also included all other
work engagement scales, predictors of work engagement, and demographics while the Time 2
survey was also comprised of measures of criteria of work engagement. Data were collected in
this way to allow for time separation between predictor and criterion measures to be consistent
with the theorized causal direction of effects. All scores are observed scores except for the
IPWES’ which were latent estimates derived from software packages. This section provides
information for all measures to be used in this study.
Ideal Point Work Engagement Scale. The IPWES is comprised of 20 items. Responses
to all items were made using a 4-point agreement scale ranging from strongly disagree to
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strongly agree. Work engagement scores from this measure were ideal point IRT θ estimates.
Participants’ GGUM θ estimates for Time 1 were obtained using the GGUM2004 program
(Roberts et al., 2006) during the calibration in Study 1. Since the scale’s item parameter
estimates were obtained in Study 1, the GGUM did not need to be re-fit to the Time 2 data to
obtain participants’ Time 2 θ estimates. Participants’ θ estimates for Time 2 were instead
obtained using the ScoreGGUM R package (King & Roberts, 2015) which outputs participants’
θ estimates using the scale’s calibrated item parameter estimates and participants’ item responses
from Time 2.
Utrecht Work Engagement Scale. The UWES–9 (Schaufeli et al., 2006) is a 9-item
measure of work engagement based on the theoretical framework of Schaufeli et al. (2002).
Participants responded to the items using a 7-point frequency scale ranging from never to
always. Participants’ level of work engagement at each time was obtained by averaging their
item responses on this scale. Cronbach’s alpha was .96 for scores at both times.
Job Engagement Scale. The JES (Rich et al., 2010) is an 18-item measure of
engagement based on the theoretical framework of Kahn (1990). The measure is comprised of
three 6-item subscales for each of the physical, cognitive, and emotional engagement
dimensions. Participants responded to the items using a 5-point agreement scale ranging from
strongly disagree to strongly agree. Participants’ level of work engagement was obtained by
averaging their item responses on this scale. Cronbach’s alpha for scores on this scale was .97.
Maslach Burnout Inventory – Human Services Survey Emotional Exhaustion
Subscale. The burnout dimension of exhaustion was measured using an adapted version of the
9-item Emotional Exhaustion subscale of the MBI–HSS (Maslach & Jackson, 1981). Two items
that referred to working with people were edited to refer to the job so that the measure was not
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specific to jobs involving working with people. For example, the item “Working with people all
day is really a strain for me” was changed to “My job is really a strain for me”. With these
modifications, the measure becomes very similar to the General Survey and is not specific to
individuals who do “people work.” Although the modifications might compromise the scale’s
validity, they should allow for a reasonable approximation of the performance of the scale. The
results of the reliability and factor analyses performed in Study 2 also provide some support for
the use of this modified scale. Participants responded to items using a 6-point frequency scale
ranging from never to every day. Participants’ level of exhaustion was obtained by averaging
their item responses on this scale. Cronbach’s alpha was .97 for scores on this scale.
Oldenburg Burnout Inventory – Disengagement subscale. The 8-item disengagement
subscale of the OLBI (Demerouti et al., 2003) was used. Participants responded to items using a
5-point agreement scale ranging from strongly disagree to strongly agree. Four positively
worded items were reverse-scored on this measure. Participants’ level of work engagement was
estimated by averaging their item responses. Cronbach’s alpha for scores on this scale was .89.
Mood. Positive and negative mood were measured using the 20-item Positive and
Negative Affect Schedule (PANAS; Watson et al., 1988). Items on this measure are affect
adjectives such as “interested” and nervous”. Participants were asked to respond to the items
based on the extent to which they felt that way “during the past few weeks” using a 5-point
intensity scale ranging from very slight or not at all to extremely. The positive and negative
mood subscales are each comprised of 10 items. Participants’ level of each mood was obtained
by averaging their item responses on the respective subscale. Cronbach’s alpha was .94 and .93
for positive mood at Time 1 and Time 2, respectively, and .91 for negative mood at both times.
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Job characteristics. Seven types of job characteristics were measured, including both job
resources and job demands. Participants’ level of each job characteristic was obtained by
averaging their item responses on the respective scale. Autonomy was measured using the 3-item
Work Methods Autonomy subscale from the Work Design Questionnaire (WDQ; Morgeson &
Humphrey, 2006; α = .94). Feedback was measured using the 3-item Feedback from Others
subscale from the WDQ (α = .93). Task variety was measured with the 4-item Task Variety
subscale of the WDQ α = .97). Demands–abilities fit was measured with a 3-item scale (Cable &
DeRue, 2002; α = .94). Cognitive demands was measured with the 4-item Information
Processing subscale of the WDQ (α = .91). Time urgency was measured with the 3-item Work
Pace subscale of the second version of the Copenhagen Psychosocial Questionnaire, (COPSOQ
II; Pejtersen, Kristensen, Borg, & Bjorner, 2010; α = .95). Role ambiguity was measured with a
6-item role ambiguity scale (Rizzo, House, & Lirtzman, 1970; α = .90). Illegitimate tasks was
measured with the 8-item Bern Illegitimate Task Scale (BITS; Semmer et al., 2015; Semmer,
Tschan, Meier, Facchin, & Jacobshagen, 2010; α = .93). Responses to all measures except the
BITS were made using 5-point agreement scales ranging from strongly disagree to strongly
agree. Responses to the BITS were made using a 5-point frequency scale ranging from never to
always.
Job crafting. Job crafting was measured using the 21-item Job Crafting Scale (JCS;
Tims et al., 2012). The JCS has 4 subscales representing 4 dimensions of job crafting: increasing
structural job resources (5 items; α = .89), increasing social job resources (5 items; α = .90),
increasing challenging job demands (5 items; α = .89), and decreasing hindering job demands (6
items; subscale note used). The first three subscales were used for the purposes of this study.
Participants responded to items using a 5-point frequency scale ranging from never to all of the
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time. Participants’ level of each type of job crafting was obtained by averaging their item
responses on the respective subscale.
Five Factor Model personality traits. Three personality traits from the Five Factor
Model were measured: extraversion, neuroticism, and conscientiousness. Each was measured
using a 5-item scale obtained from the International Personality Item Pool (Goldberg, 1999).
Participants responded to the items using a 5-point agreement scale ranging from strongly
disagree to strongly agree. Participants’ level of each personality trait was obtained by
averaging their item responses on the respective scale. Cronbach’s alpha was .90 for the
extraversion scale, .81 for the conscientiousness scale, and .92 for the neuroticism scale.
Job satisfaction. Overall job satisfaction was measured using the 4-item measure from
Weiss, Nicholas, and Daus (1999). Responses were made using a 5-point agreement scale
ranging from strongly disagree to strongly agree. The measure includes two negatively worded
items which were reverse-scored. Participants’ level of job satisfaction was obtained by
averaging their item responses on the scale. Cronbach’s alpha was .94.
Organizational commitment. Organizational commitment was measured using the 4item Klein, Cooper, Molloy, and Swanson (2014) measure of commitment with “your
organization” used as the target. Participants responded to items using a 5-point intensity scale
ranging from not at all to extremely. Participants’ level of OCB was obtained by averaging their
item responses on the scale. Cronbach’s alpha was .98.
Work intensity. Work intensity was measuring using the 5-item scale developed by
Brown and Leigh (1996). Participants responded to the items using a 5-point agreement scale
ranging from strongly disagree to strongly agree. Participants’ level of work intensity was
obtained by averaging their item responses on the scale. Cronbach’s alpha was .92.
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Counterproductive work behavior. Counterproductive work behavior (CWB) was
measuring using the 10-item short form of the Counterproductive Work Behavior Checklist
(Spector, Bauer, & Fox, 2010; Spector et al., 2006). Participants responded to the items using a
5-point frequency scale ranging from never to every day. Participants’ level of CWB was
obtained by averaging their item responses on the scale. Cronbach’s was .87.
Turnover intentions. Turnover intentions were measured using the 3-item measure
developed by Jaros (1997). Participants responded to items using a 5-point intensity scale
ranging from not at all to extremely. Participants’ intent to turnover was obtained by averaging
their item responses on the scale. Cronbach’s was .97.
Absenteeism. Absenteeism was measured using two items created for the purpose of the
data collection. The items asked participants to enter how many days of work they missed in the
past 6 months due to (1) illness of their own (i.e., illness-related absenteeism), and (2) reasons
other than an illness of their own (i.e., voluntary absenteeism). Absenteeism scores for each
participant for both types of absenteeism were counts of absent days. Since both types of
absenteeism had considerable skewness (2.66 and 1.90, respectively) and kurtosis (10.10 and
3.66, respectively), a log10 transformation was performed to make the scores more normally
distributed (Aiken & West, 1991). After the transformation, skewness and kurtosis statistics for
both variables were all under 1.0 (skewness: .36 and .55, respectively; kurtosis: -.53 and -.80,
respectively). The same transformation was done by Schaufeli, Bakker, et al. (2009) in their
study of work engagement and absenteeism.
Physical symptoms. Physical symptoms was measured using the 13-item Physical
Symptoms Inventory (Spector & Jex, 1997, 1998). Participants indicated how often they
experienced each physical symptom over the past month using a 5-point frequency scale ranging
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from not at all to every day. Participants’ level of physical symptoms was obtained by averaging
their item responses on the scale. Cronbach’s alpha was .87.
Demographics. A wide range of demographic information was collected from
participants. These include the industry and job family of the participants’ job based on
O*NET’s classification system, average hours worked per week, job title, tenure, age, sex,
ethnicity, and highest level of education attained. Age, sex, average hours worked per week, and
organizational tenure were used for the present study.
Analysis. As described in each of the respective validity sections above, nomological
validity was investigated using correlations. Twenty-two bivariate relationships between IPWES
scores and scores from measures of various predictor and criterion constructs were analyzed to
test Hypotheses 1-7. For predictor–work engagement relationships, the predictor data came from
the Time 1 survey and the work engagement data came from the Time 2 survey. For work
engagement–criterion relationships, the work engagement data came from the Time 1 survey and
the criterion data came from the Time 2 survey. The same 22 relationships were analyzed using
the UWES–9, and 8 of them (criteria only) were also analyzed using the JES, modified MBI
Emotional Exhaustion subscale, and OLBI Disengagement subscale, all for qualitative
comparison purposes. A Bonferroni correction was applied setting the significance cutoff at p <
.002 for the 22 tests performed for the hypotheses.
For test-retest reliability, correlations between Time 1 and Time 2 scores from the
IPWES, UWES–9, and PANAS Positive Mood and Negative Mood subscales were analyzed.
For convergent/discriminant validity, the magnitude and direction of correlations were
evaluated and compared. Correlations among the IPWES and all dominance work engagement
scales were run to obtain the convergent validity coefficients as well as between the five work
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engagement scales and the positive mood, negative mood, job satisfaction, organizational
commitment, and work intensity scale and measures of age, sex, average hours worked per week,
and organizational tenure to obtain the discriminant validity coefficients. Convergent validity
coefficients were computed using Time 1 data from the five work engagement scales.
Discriminant validity coefficients were computed using data from both Time 1 and Time 2
depending on the scales involved. Time 1 scores from all work engagement scales were
correlated with both Time 1 and Time 2 mood scores since data from the mood scales was
available from both time points. Time 1 work engagement scores were also correlated with the
demographic variables, which were collected at Time 1, and Time 2 job satisfaction,
organizational commitment, and work intensity scores. Finally, Time 2 work engagement scores
from the IPWES and UWES–9 were correlated with the Time 2 mood, job satisfaction,
organizational commitment, and work intensity scores since this data was available.
As was mentioned in the Convergent and Discriminant Validity section above, stronger
convergent validity coefficients than discriminant validity coefficients for the IPWES would
support the convergent validity of the scale. Strong convergent validity coefficients in an
absolute sense, which based on the literature review would include rs ≥ |.50|, would provide
additional evidence supporting that the IPWES and other work engagement scales are tapping
the same construct. In terms of discriminant validity, weaker relationships, which based on the
literature review would include rs between .20 to .50, were expected between the IPWES and the
measures of mood and the job attitudes constructs. All relationships investigated in the
convergent/discriminant validity analyses were expected to be positive except (1) those
involving demographic variables, which were expected to be close to zero with no expected
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direction except for age, which may demonstrate a slight positive relationship, and (2) those
involving job burnout and negative mood, which were expected to be negative.
Time separation between variables can attenuate their correlations which would
artificially improve the discriminant validity results in those cases. This can occur due to various
reasons such as differences in individuals’ mood or current work situations at the time of each
survey completion, recent work or life events in between surveys, and different relationships
between the constructs cross-sectionally versus with temporal separation. Additionally, observed
correlations would likely be lower with temporal separation because this can reduce common
method variance (Podsakoff, MacKenzie, Lee, & Podsakoff, 2003). Subsequently, since data for
many of the scales included in the discriminant validity analysis were collected only at Time 2
and since Time 2 data from both the IPWES and UWES–9 were available, cross-sectional
discriminant validity coefficients were also computed using Time 2 data only where available.
These cross-sectional coefficients allowed for useful additional comparisons for evaluating the
IPWES’ discriminant validity.
Finally, for the incremental predictive validity analyses, hierarchical multiple regression
analysis was used. For each criterion examined, the comparison work engagement scale was
always entered in the first step followed by the IPWES. The hypothesis was supported if the
IPWES explained significant incremental variance in the respective criterion over and above the
comparison work engagement scale. A Bonferroni correction was applied here as well given the
large number of statistical tests (32), resulting in a cutoff p-value of .0016.
Results
Nomological validity. Descriptive statistics and reliability information for all scales
used in Study 3 are presented in Table 14. Correlations between scores from the IPWES and all

124

predictor and criterion measures are presented in Table 15. Correlations between the other work
engagement measures and these predictors and criterion measures are also presented in this table.
For relationships with predictors, the UWES–9 was the only comparison work engagement scale
included in the Time 2 survey so qualitative comparisons are limited to this scale. For
relationships with criteria, results for all five work engagement scales are included. All
correlations in the table are significant beyond the Bonferroni-corrected .002 level unless
otherwise indicated. Note that relationships involving scores from the MBI Emotional
Exhaustion and OLBI Disengagement subscales should always be opposite in direction
compared with those involving the IPWES, UWES–9, and JES because higher scale scores on
these two subscales indicate less engagement.
Hypothesis 1 described relationships between job characteristics at Time 1 and work
engagement as measured by the IPWES at Time 2. As can be seen in Table 15, IPWES scores
were significantly and positively related to scores from the measures of the four job resources of
autonomy (r = .38), feedback (r = .38), task variety (r = .45), and demands–abilities fit (r = .52),
supporting Hypotheses 1a – 1d, respectively. IPWES scores were also significantly positively
related to scores from the measures of the two challenging job demands of cognitive demands (r
= .37) and time urgency (r = .20), supporting Hypotheses 1e and 1f, respectively. Finally,
IPWES scores were significantly negatively related to scores from the measures of the two
hindering job demands measures of role ambiguity (r = -.43) and illegitimate tasks (r = -.45),
supporting Hypotheses 1g and 1h, respectively. Thus overall, Hypothesis 1 was fully supported.
The general pattern of correlations the IPWES demonstrated with the job characteristics
was highly similar to that of the UWES–9 (e.g., strongest with demands-abilities fit; weakest
with time urgency). The main difference was that the correlations between the IPWES and all
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job resources and challenging job demands scales were slightly weaker and those with hindering
job demands scales were slightly stronger.
Hypothesis 2 focused on relationships between job crafting at Time 1 and work
engagement at Time 2. As can be seen in the table, IPWES scores were significantly and
positively related to scores from the increasing structural job resources subscale (r = .56;
Hypothesis 2a), the increasing social job resources subscale (r = .29; Hypothesis 2b), and the
increasing challenging job demands subscale (r = .48; Hypothesis 2c). Thus, Hypothesis 2 was
fully supported. The pattern of the correlations between the IPWES and the three job crafting
dimensions was identical to the pattern of correlations demonstrated by the UWES–9 and these
behaviors, though the correlations for the IPWES were all slightly weaker in magnitude.
Hypothesis 3 focused on relationships between the personality traits of extraversion,
conscientiousness, and neuroticism at Time 1 and work engagement at Time 2. IPWES scores
were significantly positively related to scores from the extraversion (r = .33; Hypothesis 3a) and
conscientiousness (r = .45; Hypothesis 3b) scales and negatively related to scores from the
neuroticism scale (r = -.47; Hypothesis 3c). Thus, Hypothesis 3 was fully supported. Consistent
with the findings from the first two sets of predictors, the pattern of correlations that the IPWES
and UWES–9 demonstrated with the personality traits was the same. In the case of these
predictors, the IPWES demonstrated appreciably stronger relationships with two of the three
constructs compared to the UWES–9.
Hypothesis 4 involved relationships between the IPWES at Time 1 and job attitudes at
Time 2. As can be seen in the table, IPWES scores were significantly and positively related to
scores from the job satisfaction scale (r = .65; Hypothesis 4a) and the organizational
commitment scale (r = .57; Hypothesis 4b), fully supporting Hypothesis 4. Across all work
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engagement scales the correlation with job satisfaction was stronger than the correlation with
organizational commitment. Both the UWES–9 and the OLBI Disengagement subscale
demonstrated the strongest relationships with the job attitudes scales among the five work
engagement scales. The magnitude of the relationships demonstrated by the IPWES, JES, and
MBI Emotional Exhaustion subscale were slightly weaker and very close to one another.
Hypothesis 5 involved relationships between the IPWES at Time 1 and job performancerelated constructs at Time 2. As can be seen in the table, IPWES scores were significantly and
positively related to scores from the work intensity scale (r = .61; Hypothesis 5a) and the CWB
scale (r = -.34; Hypothesis 5b), fully supporting Hypothesis 5. All work engagement scales were
more strongly related to work intensity than CWB. The JES demonstrated the strongest
relationship with work intensity and the MBI Emotional Exhaustion subscale demonstrated a
correlation considerably lower than the other five scales. The IPWES and MBI Emotional
Exhaustion subscale demonstrated the strongest relationships with CWB.
Hypothesis 6 involved relationships between the IPWES at Time 1 and withdrawal
behaviors at Time 2. As can be seen in the table, IPWES scores were significantly and positively
related to scores from the turnover intentions scale (r = -.49), supporting Hypothesis 6a.
However, IWES scores were not significantly related to the number of voluntary days of absence
at work (r = -.14, n.s.). Thus, Hypothesis 6 was only partially supported. Regarding the
dominance work engagement scales, the MBI Emotional Exhaustion subscale demonstrated the
strongest relationship with turnover intentions and the JES demonstrated the weakest. The
relationships demonstrated by the IPWES, UWES–9, and OLBI Disengagement scale were in
between and highly similar. Regarding the number of voluntary days of absence at work, none
of the scales demonstrated a significant relationship. The weak relationships with this criterion
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can largely be attributed to the very low frequency of work absences for the majority of study
participants (i.e., positive skew, though the variable transformation ameliorated much of the nonnormality) combined with the unreliability of single-item measures.
Finally, Hypothesis 7 involved relationships between the IPWES at Time 1 and employee
health criteria at Time 2. As can be seen in the table, scores from the IPWES were not
significantly related to the number of illness-related absences from work (r = .00, n.s.). Thus,
Hypothesis 7a was not supported. However, the IPWES did demonstrate a significant negative
relationship with physical symptoms (r = -.33). Thus, Hypothesis 7b was supported and, overall,
Hypothesis 7 was only partially supported.
As with results for voluntary absenteeism, the weak and nonsignificant relationships for
illness-related absenteeism can be attributed to the low frequency of work absences for the
majority of study participants combined with the unreliability of single-item measures.
Regarding physical symptoms, the relationships demonstrated by the IPWES and three of the
other four scales were very similar. The MBI Emotional Exhaustion subscale was the outlier as
it demonstrated a considerably stronger relationship with physical symptoms than the other
scales (r = .48).
Taking these findings together, the IPWES demonstrated an almost identical pattern of
relationships with all theoretical correlates when compared with those demonstrated by four
extant, previously validated work engagement scales. Overall, the nomological validity of the
IPWES was supported.
Test-retest reliability. The relationship of IPWES scores between Time 1 and Time 2
was investigated to observe the stability of work engagement measurements over the one-month
interval (see Table 16). The correlation between Time 1 and Time 2 scores was .76 (p < .001).
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The high correlation between the Time 1 and Time 2 scores suggests that participants’ levels of
work engagement as measured by this scale were relatively stable over the one-month interval.
The test-retest reliability of scores from the UWES–9 and positive and negative mood
scales from the PANAS over the same time interval was also estimated and compared with that
of the IPWES. The test-retest reliability estimate for the UWES–9 was r = .87 (p < .001), which
was higher than that of the IPWES. This is an important comparison as the UWES–9 is also a
work engagement scale, but does not ask respondents to consider a specific time interval when
deciding on item responses. The temporal ambiguity implicitly requires participants to aggregate
all of their work experiences, or at least those of recent memory. This may produce a more traitlike measurement of work engagement which is consistent with the scale’s underlying
conceptualization of the construct as a more “persistent state” (Schaufeli & Bakker, 2010). For
the PANAS, test-retest reliability was .84 (p < .001) for the positive mood scale and .82 (p <
.001) and for the negative mood scale. These test-retest reliabilities were roughly in between
those of the IPWES (“past five work days”) and UWES–9 (no temporal specification), which
makes sense considering that participants were instructed to consider the affect adjectives “over
the past few weeks” when making their responses. Note that all 4 scales had similarly strong
internal consistency reliability estimates, thus differences in internal consistency likely did not
play any role in driving differences in test-retest reliability estimates.
Overall, while the test-retest reliability of the IPWES was somewhat high, this scale
appears to measure work engagement in a more state-like (i.e., transient, fluctuating) form as
compared with the UWES–9 and positive and negative mood scales from the PANAS. These
latter scales ask participants to either consider a longer period of time or do not specify the
temporal period at all and thus implicitly ask about individuals’ general experiences. This is
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consistent with previous theory and findings around affect, behavioral, and cognitive
measurement which suggests that as the number of events or occasions that must be
averaged/aggregated increases, stability coefficients increase (Diener & Larsen, 1984; Epstein,
1979).
Convergent and discriminant validity. Convergent validity coefficients are presented
in top portion of Table 17. As can be seen in the table, the IPWES demonstrated strong
convergent validity coefficients with the other work engagement scales in general. IPWES
scores correlated .82 with UWES–9 and JES scores, -.64 with MBI Emotional Exhaustion
subscale scores, and -.82 with OLBI Disengagement subscale scores (p < .001 for all estimates).
Additionally, all five work engagement scales demonstrated an almost identical pattern and
magnitude of convergent validity coefficients with each other except for the MBI Emotional
Exhaustion subscale which demonstrated appreciably weaker coefficients. Overall, the results
support the convergent validity of the IPWES.
Discriminant validity coefficients are presented in the bottom potion of Table 17. These
include correlations with theoretically unrelated constructs as well as theoretically related but
conceptually distinct constructs. As can be seen in the table, the IPWES correlated weakly with
the demographic variables sex (r = .02, n.s.), average hours worked per week (r = .10, p < .05),
and tenure (r = .14, p < .01). The only exception is the relationship with age (r = .17, p < .001),
which approached .20. It should be noted that the IPWES was the only work engagement scale
whose scores were significantly related to age.
In terms of relationships with theoretically related constructs, IPWES scores from Time 1
were significantly related to Time 1 and Time 2 scores from the positive mood (Time 1 r = .66, p
< .001; Time 2 r = .60, p < .001) and negative mood (Time 1: r = -.43, p < .001; Time 2 r = -.39,
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p < .001) scales, and Time 2 scores from the job satisfaction (r = .65, p < .001), organizational
commitment (r = .57, p < .001), and work intensity (r = .61, p < .001) scales. IPWES scores
from Time 2 were significantly related to Time 2 scores from the positive mood (r = .66, p <
.001), negative mood (r = -.42, p < .001), job satisfaction (r = .67, p < .001), organizational
commitment (r = .61, p < .001), and work intensity (r = .67, p < .001) scales. As expected, these
discriminant validity coefficients for the IPWES were more moderate in strength and were
weaker than the convergent validity coefficients in general.
Most of the discriminant validity coefficients for the IPWES were higher than expected
in an absolute sense (i.e., r > .50 as was predicted in the Method section), and in two cases the
discriminant validity coefficients (i.e., with job satisfaction at T1 and T2) were larger than a
convergent validity coefficient (i.e., with the MBI). However, in most cases they were weaker
than the discriminant validity coefficients demonstrated by the dominance work engagement
scales, especially the UWES–9, and especially when looking at only the cross-sectional
coefficients. For example, looking at just the Time 1 work engagement data and Time 2 data
from the scales measuring other constructs, the discriminant validity coefficient for positive
mood and the UWES–9 was .71 (vs. .60); for work intensity and the JES was .69 (vs. .61); and
for job satisfaction and the OLBI Disengagement subscale was -.75 (vs. .65). Looking at Time 1
cross-sectional data only, the discriminant validity coefficient for positive mood and the UWES–
9 was .77 (vs. .66) and for negative mood and the MBI Emotional Exhaustion subscale was .54
(vs. -.43). Finally, looking at Time 2 cross-sectional data only, the UWES–9’s coefficient was
.76 (vs. .66) for positive mood, .79 (vs. .67) for job satisfaction, and .76 (vs. .61) for
organizational commitment. These results indicate that the IPWES had generally better
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discriminant validity with these variables than the dominance work engagement scales,
especially the UWES–9. Overall, these results support the discriminant validity of the IPWES.
Overall, the results indicate that the IPWES evinced strong evidence of convergent and
discriminant validity. Convergent validity coefficients were strong, discriminant validity
coefficients involving related constructs were moderate, discriminant validity coefficients
involving demographics were very weak or close to zero, and the convergent validity coefficients
were larger than the discriminant validity coefficients as a whole.
Incremental predictive validity. The results of the incremental predictive validity
analyses are presented in Tables18-21. Hypothesis 8 focused on the IPWES’s ability to predict
incremental variance in the job attitudes criteria over and above the comparison work
engagement measures. As can be seen in Table 18, the IPWES was able to predict significant
incremental variance in job satisfaction over and above the JES and MBI Emotional Exhaustion
subscale (Hypotheses 8a.ii and 8a.iii, respectively), but not the UWES–9 and OLBI
Disengagement subscale (Hypotheses 8a.i and 8.iv, respectively). The IPWES was also able to
predict significant incremental variance in organizational commitment over and above the MBI
Emotional Exhaustion subscale (Hypotheses 8b.iii), but not the UWES–9, JES, and OLBI
Disengagement subscale (Hypotheses 8b.1, 8b.ii, and 8b.iv, respectively). Thus overall, the
results provided partial support for Hypothesis 8.
Hypothesis 9 focused on the IPWES’s ability to predict incremental variance in the job
performance criteria over and above the comparison work engagement measures. As can be seen
in Table 19, the IPWES was able to predict significant incremental variance in work intensity
over and above the UWES–9, MBI Emotional Exhaustion subscale, and OLBI Disengagement
subscale (Hypotheses 9a.i, 9a.iii, and 9a.iv, respectively), but not the JES (Hypothes1s 9a.ii).
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The IPWES was also able to predict significant incremental variance in CWB over and above the
UWES–9 and JES (Hypotheses 9b.i and 9b.ii, respectively), but not the MBI and OLBI
Disengagement subscale (Hypothesis 9b.iii and 9b.iv, respectively). Thus overall, the results
provided partial support for Hypothesis 9.
Hypothesis 10 focused on the IPWES’s ability to predict incremental variance in the
withdrawal behavior criteria over and above the comparison work engagement measures. As can
be seen in Table 20, the IPWES was able to predict significant incremental variance in turnover
intentions over and above the UWES–9, JES, and MBI Emotional Exhaustion subscale
(Hypotheses 10a.i, 10a.ii, and 10a.iii), but not the OLBI Disengagement subscale (Hypothesis
10a.iv). On the other hand, the IPWES was not able to predict significant incremental variance
in voluntary absenteeism over and above any of the four comparison work engagement scales
(Hypotheses 10b.i – 10b.iv). The regression results involving voluntary absenteeism were not
surprising given the nomological validity investigation, which found weak and non-significant
correlations between all five work engagement scales and this criterion.
Hypothesis 11 focused on the IPWES’s ability to predict incremental variance in the
employee health criteria over and above the comparison work engagement scales. As can be
seen in Table 21, the IPWES was not able to predict significant incremental variance in illnessrelated absenteeism over and above any of the comparison scales (Hypotheses 11a.i – 11a.iv).
Again, this was not surprising as the nomological validity analyses demonstrated that none of the
five work engagement scales were correlated with this criterion. Regarding physical symptoms,
the IPWES did predict significant incremental variance over and above the JES (Hypothesis
11b.ii), but not the other three comparison scales (Hypotheses 11b.i, 11b.iii, and 11b.iv). Thus
overall, the results provided minimal support for Hypothesis 11.
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Overall, the results of the incremental predictive validity analyses demonstrated that the
IPWES explains unique variance in most of the individual criteria studied over and above one or
more comparison work engagement scales from the literature. In total, 32 hierarchical regression
analyses (8 criteria × 4 comparison scales) were performed and the ΔR2 was significant to a
corrected p-value of .0016 in 13 of them (40.6%). The IPWES predicted unique variance over
and above at least one comparison scale for six of the eight criteria. It should also be noted that
for the two criteria in which it did not predict unique variance, which were both absenteeismrelated, none of the engagement scales were found to be significant predictors.
Discussion
Evidence supporting the basic psychometric properties of the IPWES was obtained in
Study 1 (i.e., reliability, content validity, and structural validity). The purpose of Study 3 was to
(1) establish a comprehensive body of construct validity evidence to support the use of this scale,
and (2) compare its performance in the validation analyses relative to commonly used
dominance-style scales from the literature to identify any effects the ideal point approach may
have on the validity of work engagement scores. To these ends, a series of formal and informal
hypotheses were tested and qualitative comparisons made regarding additional psychometric and
theoretical factors critical to evaluating the scale’s construct validity including nomological
validity, test-retest reliability, convergent/discriminant validity, and incremental predictive
validity. The proceeding sections elaborate on some of the key findings obtained around the
scale’s validity, followed by discussion of some findings that were obtained across these
different validation analyses, and finally, considerations for future research.
Nomological validity. In the nomological validity investigation, time-separated
relationships were investigated between the IPWES and predictors and criteria consistent with
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theory. Specifically, IPWES scores correlated with scores from measures of job characteristics,
job crafting behaviors, and personality trait predictors, and measures of attitudinal and
performance-related, withdrawal, and health-related criteria. To bolster this basic nomological
validity support as well as evaluate the performance of the ideal point approach for work
engagement measurement, the pattern and magnitude of correlations the IPWES demonstrated
with these correlates was compared with those demonstrated by extant, previously validated
work engagement scales.
It was observed in the present study that scores from the IPWES scale were significantly
related with scores from measures of theoretically linked constructs in the nomological network.
Additionally, the pattern of relationships was found to be almost identical with the comparison
scales, and the magnitude of these relationships was relatively similar. Thus, overall, the
evidence from the nomological validity analyses support that the IPWES operates in a
theoretically consistent way within the work engagement nomological network. Interestingly
though, while the magnitude of the relationships was very similar across four of the five scales,
one or more of the dominance work engagement scales demonstrated stronger relationships with
every positively framed (e.g., autonomy, job satisfaction) correlate except conscientiousness.
This is discussed toward the end of the section.
The MBI Emotional Exhaustion subscale—the lone scale that did not demonstrate
relationships of similar magnitude as the others— generally demonstrated appreciably weaker
relationships with all correlates, and in a few cases considerably stronger relationships, as
compared with those demonstrated by the IPWES and other work engagement scales. This
divergence is unsurprising given that the Emotional Exhaustion subscale is a narrower measure
compared with three of the four comparison work engagement scales and is more conceptually
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unique. However, the findings suggest that this may not have been the only factor that produced
the magnitude differences. Even the OLBI Disengagement subscale, which is also a subscale
and thus theoretically measures a narrower conceptual space, demonstrated results highly
consistent with the other three work engagement scales. These findings provide some support
for the exclusion of exhaustion content in the conceptualization of work engagement because of
the distinct empirical relationships this scale demonstrated vis-à-vis the other scales. I revisit
these findings in the convergent/discriminant validity summary below.
Test-retest reliability. As part of the validation analyses, the test-retest reliability of the
IPWES was investigated. The conceptualization that underlies the IPWES, much like other
conceptualizations, defines work engagement as a motivational state. This implies a
psychological experience that can shift over time. Subsequently, the instructions that were
created for this instrument ask respondents to consider their experiences over the previous five
work days. Given this, the test-retest reliability was not expected to be very strong. Contrary to
these expectations, the correlation of IPWES scores between Time 1 and Time 2 was.76 which
may be considered rather stable and trait-like. However, comparison with the higher test-retest
reliabilities of the UWES–9 and PANAS’ positive and negative mood scales suggested that it
measured a somewhat more transient construct than what was measured by these other scales.
The UWES–9’s test-retest reliability was almost .90 suggesting that it measured engagement in a
fairly stable, trait-like form. Similarly, each of the mood scales’ test-retest reliability estimates
were above .80.
It is possible that the scoring method impacted these results since the IPWES scores were
IRT θ (i.e., latent) estimates whereas the scores from the other three scales were computed by
averaging the item scores (i.e., observed). Unfortunately, it is unknown whether this had any

136

effect on the test-retest reliability estimates for any of the scales. It is possible that the test-retest
reliabilities for the dominance scales were inflated due to common method effects. For example,
the common format for all dominance items (i.e., all extremely worded, no double-barreled
items) may make these scales’ items more susceptible to some response sets. On the other hand,
the differing item format across items (i.e., a mixture of extreme and intermediate items) may
inhibit certain response sets. Possible method effects are discussed again below.
The somewhat high test-retest reliability of the IPWES can be due to several factors. One
reason is that asking individuals to aggregate their work experiences over the five previous work
days—which for the majority of participants were probably not the previous five calendar
days—may be difficult and lead to inaccurate recall. Participants may subsequently rely on their
general feeling about work or more cognizant experiences they have had recently. A second
reason could be the stability of individuals’ situations, especially over just a one-month period.
For example, the key job demands and job resources that comprised most participants’ jobs were
likely at relatively similar levels at each time point. The work itself probably also did not change
considerably over this time period. Thus, the stability of the work and/or work context—key
drivers of work engagement—may have produced this finding.
Finally, a third reason is that a dispositional cognitive or affective component may
influence responses; individuals’ traits can influence how their appraise and react to the
environment and the states they tend to be in. Watson et al. (1988) considered this in their
validation of the PANAS. They noted that the PANAS scales demonstrated a significant level of
stability for all time frames, even as proximal as momentary ratings. They suggested that this
reflects a strong dispositional component of affect and, “even momentary moods are, to a certain
extent, reflections of one’s general affective level” (p. 1065). In the case of work engagement,

137

affective dispositions may also be at play as well attention-related dispositions. For example, an
employee’s standing on positive affectivity may influence how often and strongly they feel
positive affect states such as enthusiasm or excitement. Those higher in this affective disposition
may tend to experience affective markers of work engagement more often than those lower in
this trait due to increased sensitivity of the psychological mechanisms that produces these
experiences; the same argument can be made for those lower in this trait in terms of lower
frequency of experiencing work engagement markers. In terms of perception and attention, traits
such as conscientiousness may influence employees’ level of work engagement as well.
Conscientiousness includes behaviors related to diligence and meticulousness that serve the
higher-order goal of achievement-striving (Barrick, Mount, & Li, 2013). More conscientious
individuals may see the value of and respond in generally constructive ways to challenging
environments and/or environments that afford certain job resources. Individuals’ level of
absorption in and focus on their work may thus tend to covary with their standings on this trait.
Convergent/discriminant validity. In terms of convergent and discriminant validity, the
IPWES demonstrated a pattern and magnitude of relationships with the other work engagement
scales, scales measuring theoretically similar but conceptually distinct constructs, and measures
of theoretically unrelated constructs supporting that the scale measures what it purports to. In
terms of convergent validity specifically, IPWES scores were very strongly related to scores
from the UWES–9, JES, and OLBI Disengagement subscale and more moderately with those
from the MBI Emotional Exhaustion subscale. The latter finding dovetails with the nomological
validity results around this subscale, suggesting that emotional exhaustion may be better treated
as a distinct concept from work engagement rather than part of the negative pole of work
engagement. In that regard, the discriminant validity of the IPWES (and other three work
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engagement scales) with the Emotional Exhaustion subscale, or at a construct level, between
work engagement and exhaustion, is supported by these results. These findings counter the very
popular perspective in the work engagement literature that burnout and work engagement are
opposite poles of the same construct.
In terms of the discriminant validity analyses proper, scores from the IPWES
demonstrated appreciable, but only moderate, relationships with scores from measures of
positive and negative mood, job satisfaction, organizational commitment, and work intensity.
The comparison work engagement scales also demonstrated moderate relationships with these
scales and always in theoretically consistent directions. Thus, scores from the IPWES were
distinguishable to an appreciable degree from scores from these measures of similar but
theoretically distinct constructs, supporting that they measure different constructs.
In terms of the IPWES’ convergent validity with the UWES–9, JES, and OLBI
Disengagement subscale, it should be noted that while these correlations were very strong (i.e.,
rs in the low .80s), they did not approach unity. Moreover, it was often the case that the
dominance work engagement scales demonstrated stronger relationships with the scales
measuring other constructs (i.e., weaker discriminant validity)—both cross-sectionally and with
temporal separation. This suggests that while the work engagement scales may substantially
overlap in the conceptual space they measure, they are not interchangeable. It also supports that
scores from the IPWES are more differentiable from scores from scales measuring distinct
constructs as compared with scores from dominance work engagement scales.
There are a few explanations for these findings: (1) common method variance, and/or (2)
increased conceptual overlap between the comparison work engagement scales and the scales
measuring the constructs. Regarding common method variance, traditional dominance-style
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mean scoring was used for all comparison engagement scales and all predictor and criterion
scales. On the other side of the coin, participants were responding to the same types of items and
scales (i.e., all items strongly worded, mostly short scales) for all other scales. In comparison,
the IPWES includes diversely located items which elicit a different response process.
Participants would not approach these items in the same way as they would the more uniform
dominance items, and a different measurement model was used to score their responses.
Moreover, these items may be less susceptible to common response biases such as consistency
motifs, acquiescence biases, etc., because the same responses to different items mean very
different things. The common method effects could have driven up the strength of some of the
relationships between the comparison work engagement scales and the scales measuring the
other constructs shown in Tables 15 and 17.
In addition to common method variance, it is possible that the relationships between the
other work engagement scales and the correlate scales were stronger in most cases because they
shared more conceptual overlap. This is consistent with the findings from Byrne et al. (2016).
These authors concluded from a similar set of analyses comparing the UWES and JES that the
two scales may measure different aspects of engagement given slightly different patterns of
relationships with correlates that were observed. They found the UWES to demonstrate higher
correlations with predictors and criteria compared with the JES and concluded that the UWES is
not necessarily a better scale, but that it might overlap more with peripheral attitudes in the
nomological network. This suggests less discriminability between scales measuring different
constructs. Thus, the finding that the IPWES often demonstrated weaker (yet still quite
appreciable) relationships with the correlates when compared with the other work engagement
scales can be as supportive of the scale’s performance.
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Incremental predictive validity. Finally, the IPWES significantly predicted unique
variance in most of the individual and organizational criteria studied over and above one or more
of the comparison work engagement scales. Although the IPWES did not consistently predict
incremental variance in all criteria over all comparison measures, the pattern of evidence still
suggests in an overall sense that the IPWES is distinct and assesses something unique compared
to the comparison scales.
Though they cannot be perfectly disentangled, the integrative conceptualization
underlying the scale as well as the unique methodology are two potential drivers of this
distinctiveness. One way to gain some insight into this question is to see the incremental
predictive validity results for the DWES. This would not provide an exact answer, however,
since the DWES and IPWES have several non-overlapping items. The analyses were
nonetheless run ad-hoc as a supplement (these results are not included in this paper).
Specifically, first the comparison work engagement measure from Time 1 was entered as a
predictor of the criterion at Time 2. In the second step, the DWES at Time 1 was entered as a
predictor. The results were almost identical to those demonstrated by the IPWES. One
interpretation of this finding is that the conceptualization may have been a stronger driver of the
incremental predictive validity results from this study than the use of ideal point methodology.
However, one could also argue that using IRT and, moreover, a longer scale (which are both
methodological factors) enhances the precision with which the construct is measured which can
possibly enhance the scale’s predictive power.
Across the analyses, the IPWES appeared to be most distinct from and a useful addition
to the other work engagement scales in explaining individuals’ work intensity and turnover
intentions. For each of these two criteria, the IPWES predicted significant variance over and
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above three of the four comparison scales. Moreover, when the IPWES was added in the second
step in the prediction of work intensity, the MBI Emotional Exhaustion and OLBI
Disengagement subscales were each no longer significant predictors. Similarly, when the
IPWES was added in the second step in the prediction of turnover intentions, the UWES–9 and
JES were each no longer a significant predictor. The finding suggests that when controlling for
one’s level of work engagement with the IPWES, there was no relationship between participants’
scores on either the MBI Emotional Exhaustion or OLBI Disengagement subscales and either
work intensity or turnover intensions. Thus, the IPWES fully explained whatever each of these
other scales accounted for in the criteria, plus additional variance on top of that.
Multicollinearity was investigated as this can also be a cause of this finding, but in both cases the
variable inflation factor was below 10. This suggests there were no multicollinearity issues.
On the other hand, the IPWES provided less unique explanatory value over and above the
other scales in the prediction of either form of absenteeism as well as physical symptoms. With
both forms of absenteeism, the IPWES did not predict significant variance over and above any
comparison scale, though additionally none of the comparison scales were able to significantly
predict workers’ absenteeism. Thus, the work engagement scales as a whole did a poor job of
explaining variation in these two criteria. In the case of physical symptoms, the IPWES was
only able to explain significant incremental variance over and above the JES. Thus, the IPWES
was not particularly distinct from most other work engagement scales in terms of explaining
workers’ physical symptoms.
Taking the incremental predictive validity findings together, one might wonder why the
IPWES did not predict significant incremental variance in criteria over and above more of the
comparison scales, as well as why it did not predict more incremental variance over and above
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the comparison scales. Both questions can be answered with the same logic as was presented
above regarding explaining the discriminant validity findings. First, some common method
variance may have inflated the observed interrelationships between the dominance scales.
Second, the conceptual space tapped by the comparison work engagement scales may overlap
more with the other scales included in the validation analyses as compared with the IPWES.
Therefore, there would be less unexplained variance left for other scales such as the IPWES to
account for over and above the dominance work engagement scales studied here. These findings
can be considered favorable for the IPWES from a validity standpoint, specifically discriminant
validity, as they support that what this scale measures is sufficiently different from what the
other scales measure.
Limitations and future research. While this study yielded several useful insights and
contributions to the literature in the form of both supported and unsupported hypotheses, it was
not without its limitations. One limitation is that the analyses were performed using the same
dataset from Study 1 (and Study 2). Most notably, the same dataset was used to construct and
calibrate (Study 1), as well as validate (Study 3) the scale. As was mentioned, use of a common
dataset increases the susceptibility to capitalize on chance and can be considered a threat to the
generalizability of the findings from this research. One thing to note is that Study 3 included the
investigation of unique research questions and analyses of data from many measures not
included in Study 1 or Study 2. Additionally, Study 3 included the analysis of new, timeseparated data, none of which was included in Study 1 or Study 2. Nonetheless, the predictorside data always came from Time 1. Future research should seek to replicate the analyses
conducted here on data collected from an independent sample to cross-validate and lend
additional support for the results demonstrated here.
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A second limitation of this study was that only one dominance-style comparison work
engagement scale—the UWES–9—was included at Time 2. Thus, qualitative comparisons of
relationships between scores from the measures of theoretical antecedents of work engagement
and the IPWES could only be made with those involving this one work engagement scale from
the literature. This limited the interpretation of differences in correlational patterns and
magnitudes that could be made between the ideal point and dominance work engagement scales.
To address this limitation, future research investigating the relationships between scores from
measures of theoretical antecedents of work engagement and the IPWES should include several
other work engagement scales so that more in-depth comparisons can be made regarding these
relationships.
A third limitation of this study was the use of hierarchical multiple regression analyses to
investigate the uniqueness of the IPWES relative to the other work engagement scales. These
analyses fail to account for the problems that highly correlated predictors (i.e., multicollinearity)
present including adequately reflecting the contribution of predictors by themselves and in
combination with the other predictors in the model (Johnson, 2000; Johnson & Lebreton, 2004).
Multicollinearity can produce unstable regression coefficients and reduce the generalizability of
results. The IPWES scores and scores from dominance work engagement scales were indeed
highly correlated (rs > |.80| for three scales and > |.60| for the fourth). Subsequently, the R2
results from the present analyses may be considered unreliable. Future research should
investigate the uniqueness of the IPWES relative to other scales using another analysis
recommended when high multicollinearity exists among the predictor variables such as relative
weights analysis. Relative weights analysis estimates the percentage of the model’s R2 that can
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be accounted for by each predictor relative to the other predictors in the model, and the
predictors can subsequently be rank ordered by their individual contribution to the total R2.
Another avenue of future research to better understand these findings would be to
investigate nomological and predictive incremental predictive validity of the IPWES using only
measures that are scored with (and ideally also constructed using) the best-fitting IRT methods.
This would control for some of the possible method effects deriving from scale type and
response process. Additionally, it is currently unknown if scales built using one measurement
framework or the other are more likely to elicit or inhibit certain response biases and method
effects known to be problematic in survey research. This would be another interesting area of
future study with important implications for the broader psychometrics and surveys literatures.
It is important to note, too, that correlations and simple linear regression results are not
expected to change much when ideal point methods are used because they are fairly robust
against even substantial changes in rank-ordering (Drasgow & Kang, 1984). The real empirical
value of using the ideal point approach (when model fit supports this method) manifests when
investigating rank-ordering of individuals at the extremes or investigating more complex
relationships that are sensitive to differentiation of individuals at high and low levels of the
construct. This includes investigations of interactions between constructs and curvilinear
relationships (Carter et al., 2014; Carter et al., 2017; Carter et al., 2016). When investigating
such complex relationships, it is critical to apply the model that best fits the data for each scale
involved. Failure to do so can result in either underpowered statistical tests or high type I error
rates, thereby possibly yielding spurious findings. Little research thus far has investigated work
engagement as a predictor, moderator, or criterion in interactive relationships, making this a
natural area for future study. Useful interactions to investigate may include how the relationship
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between certain job characteristics and work engagement may differ depending on individuals’
standings on certain personality traits, or how work engagement may interact with certain job
characteristics to explain performance and well-being criteria. The present research supports the
use of the IPWES in future investigations of these relationships. This line of inquiry is revisited
and further elaborated on in the General Discussion.
Conclusion. Overall, Study 3 provided comprehensive construct validity evidence
supporting the use of the IPWES to measure individuals’ work engagement. Across these
analyses, the results were generally supportive of the new ideal point scale and found that the
scale performed highly similarly to the dominance-style comparison scales. The results also
provide some support for the distinctiveness of this scale relative to four extant validated scales
from the literature. The results of Study 3 also support that ideal point methods can be used to
create a construct valid work engagement scale.
General Discussion
This dissertation had two primary purposes. The broad overarching goal was to build a
compelling case for using an ideal point framework to conceptualize and measure work
engagement. I argued that the ideal point process, wherein individuals respond to items based on
how closely the respective items reflect their standing on the measured construct, theoretically
describes and empirically accounts for individuals’ response behavior on work engagement items
better than the dominance process, in which higher item responses are always indicative of
higher standings on the construct regardless of item content. Ideal point methods should thereby
produce better fitting work engagement scales that measure the construct more precisely as
compared with dominance methods. Second, in service of the overarching goal, I aimed to
construct and validate the first ideal point work engagement scale. I investigated whether ideal
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point methods could be successfully applied toward the development of a work engagement
scale with good psychometric properties and comparable construct validity relative to wellsupported dominance-style work engagement scales from the literature. To these ends, three
studies were conducted. The results from studies had varied levels of support for their respective
hypotheses and predictions, though overall, they were generally supportive of my arguments and
the validity of the IPWES. The key results from each of the studies are first discussed along with
the implications of those findings and directions for future research. This is followed by a
discussion of the practical implications of this research. Finally, the limitations of this research
are presented along with broader avenues for future research.
Summary of Key Results
New scale construction and model fit comparisons. The primary purposes of Study 1
were to investigate (1) whether an ideal point framework could be successfully used to construct
a new work engagement scale, and (2) whether an ideal point model fits work engagement
response data better than a dominance model. Construction of the IPWES began with rigorous
review of the theoretical foundations of the construct (Kahn, 1990; Maslach & Leiter, 2008;
Schaufeli et al., 2002) to develop an ideal point conceptualization of work engagement to
underlie the scale. This conceptualization specified what the work engagement experience is like
at different levels from high disengagement to high engagement. The data collected and
analyses performed for Study 1 yielded a well-fitting 20-item ideal point scale with heterogenous
items and high reliability across the range of the measured construct. They also demonstrated
that an ideal point IRT model fit the response data from this scale better than a dominance IRT
model fit the response data from an analogous dominance-style scale constructed in parallel from
the same item pool and response data.
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These results support that the assumptions underlying the ideal point response process
may be more appropriate for work engagement items than dominance assumptions are even
though dominance models commonly work for work engagement response data. The successful
application of dominance models in the past may likely be due to the very use of dominancestyle item writing (i.e., all very positively or very negatively worded items) and item selection
procedures (e.g., factor analysis, internal consistency reliability analysis) that are designed to
ensure the fit of those scales. However, these practices may be problematic from a construct
validity standpoint as they can limit the accuracy with which we can measure constructs.
Specifically, dominance-style scaling ensures that items representing middle as well as
somewhat high or low standings on the measured construct are not included in the scale. These
items are very useful for differentiating individuals in ranges of the latent continuum where more
extreme items do a relatively poor job. Increased accuracy becomes very important when fine
distinctions, particularly toward the extremes of the construct, are important for the research or
practical application.
In a similar vein, another threat the use of dominance models poses to the construct
validity of work engagement scales is that they are not appropriate when the measured construct
is theoretically bipolar in nature (van Schuur & Kiers, 1994) like the work engagement construct
is generally believed to be (Kahn, 1990; Schaufeli et al., 1996; Schaufeli et al., 2002). In this
case, use of dominance scaling procedures will not only eliminate intermediate items, but may
sometimes suggest that items measuring opposite ends of a unidimensional construct tap two
separate, negatively related dimensions. On the other hand, ideal point models make appropriate
assumptions about the data including nonlinear relationships among the items and most
importantly a non-monotonic (i.e., single-peaked) relationship between the construct and items.
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Erroneous results such as misidentified factor structures may not only impede measurement of
the construct but can also impede theory testing and development. In the literature, this has
manifested as inconsistent results when researchers have tried to scale items together from
dominance-style work engagement (i.e., scales that only include items representing the positive
pole) and exhaustion/disengagement scales using dominance-based psychometric methods (e.g.,
Demerouti et al., 2010; González-Romá et al., 2006).
Model fit comparisons on extant work engagement scales. One of the fundamental
arguments made in this dissertation is that the ideal point process more accurately describes how
individuals respond to work engagement items than the dominance process. Study 1 found
support for this assertion in the context of new scale construction. This provided a relatively fair
arena in which to compare the two approaches—there was a large heterogenous item pool and
database of responses from which separate scales could be constructed from scratch using
different methods and compared. However, what about extant work engagement scales? Would
an ideal point model similarly demonstrate better fit than a dominance model on commonly used
scales from the literature that were constructed using dominance methods? Study 2 focused on
this question and found some support for the prediction that an ideal point model would also fit
data from certain scales better than dominance models. The critical boundary condition here is
the response format. Across Studies 1 and 2, I found the ideal point model to fit work
engagement response data better than (i.e., the IPWES vs. the DWES, the JES) or at least as well
as (i.e., the OLBI Disengagement subscale) the dominance model when item responses were
made using an agreement response format. On the other hand, consistent with Tay’s (2011)
arguments and findings, in Study 2 I found some evidence to support that the dominance model,
at least from a classical test theory and factor analytic approach, fit work engagement response
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data better than the ideal point model when item responses were made using a frequency
response format (i.e., UWES–9, MBI Emotional Exhaustion subscale).
A few questions arise from these findings relevant to research and practice. First, should
we call into question the results of all work engagement research conducted with agreement-style
dominance scales such those studied in the present research? In general, I would argue no. As
was noted previously, dominance models do an acceptable job when a research inquiry or
practical application requires only rough differentiation between individuals. For example, when
the investigation only involves studying linear bivariate relationships such as with correlation or
regressions, using dominance scales should not present any issues such as inflated Type I error
rates. These types of investigations comprise most of the work engagement literature. However,
the application of dominance-based psychometric methods do present problems in situations
where the relationships being investigated are more complex, such as interactions. This
dovetails with what was explained in the previous section regarding distinctions between
individuals toward the extremes. When studying interactions, including curvilinear
relationships, measurement toward the extremes is where accuracy is most critical. Studies
involving testing for complex relationships have tended to be few and far between in the work
engagement literature, though interest appears to be increasing in recent years (e.g., Heinrichs et
al., 2019; Van der Heijden, Van Vuuren, Kooij, & de Lange, 2015). In any case, identifying the
correct underlying response process and scoring the data using the appropriate method helps
achieve appropriate Type I error rates and statistical power, which are critical to the accuracy of
these tests. This also means that if model fit analysis supports a dominance process, the response
data should be scored as such.
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Second, should it be concerning when a dominance IRT model does not fit response data
from scales which should theoretically follow a dominance process (e.g., scales with a frequency
response format) even when (a) CTT and factor analyses support the dimensionality and (b) the
scales have a long history of use and large body of validity evidence supporting their use? This
is indeed a concern. It can suggest, for example, that the instruments may yield misleading
results in some contexts because the data does not support the underlying assumptions made by
the model. What to do about this is difficult to answer and a possible area for future
investigation. In Study 2, the dominance IRT model curiously did not demonstrate acceptable
absolute fit to the response data from two very popular work engagement scales when it was
expected to fit well despite the strong support from traditional analyses. One explanation is that
IRT methodology was not used to develop those scales. The lack of fit indicates that the scales
may not have the cornerstone IRT property of invariance—that person parameter estimates are
not dependent on which items are used, and item parameter estimates are not dependent on
which group of individuals are measured. Additional investigation would be needed to diagnose
the cause of the lack of fit. It could be that some pairs of items were so strongly correlated that
they may be considered redundant, thereby presenting problems for model fit. This can be a
challenge with dominance-style scales in general since all items usually need to be strongly
positively or negatively worded which can results in several items reflecting almost the exact
same levels of the latent trait (after reverse-scoring the negative items). However, ultimately if a
scale has a large body of validity evidence, the researcher should feel confident that the scores
are trustworthy for at least basic uses.
Validation results. Study 3 investigated the nomological, convergent, discriminant, and
incremental predictive validity, and test-retest reliability evidence for the IPWES alongside
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previously validated dominance-style scales from the literature as points of reference. Several
conclusions were formed. First, IPWES scores were related to scores from the same predictors
and criterion measures and demonstrated convergent/discriminant validity coefficients similar in
general magnitude as the dominance-style comparison work engagement scales. These findings
support that the new scale measures the same construct as these other scales and operates in the
nomological network in a manner consistent with theory and in much the same way as the other
work engagement scales do.
Second, while similar in terms of the general degree of magnitude (i.e., moderate effect
sizes), the IPWES was shown to have better discriminant validity than the dominance scales
when comparing their relationships with measures of conceptually similar constructs (e.g., job
satisfaction, organizational commitment). In most cases, the dominance scales demonstrated
stronger correlations with these other scales. At first blush, these findings might be interpreted
as the IPWES doing a poorer job at explaining variation in the other constructs relative to the
dominance work engagement scales. However, the argument can be made that the stronger
discriminant validity coefficients (i.e., lower discriminant validity) of the dominance work
engagement scales suggests more redundancy with the other scales. In many cases the
dominance work engagement scales demonstrated discriminant validity coefficients in the high
.60s, and in a few instances they were > .70 (especially for the UWES–9). This is important
because it can help address a longstanding issue that has plagued the work engagement
construct—that work engagement is just “old wine in new bottles,” or in other words that it is
redundant with these constructs (Harrison, Newman, & Roth, 2006; Newman & Harrison, 2008;
Newman et al., 2010).
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For example, Newman et al. (2010) conceptually and meta-analytically reviewed the
literature and concluded that work engagement, or what they termed “attitudinal engagement,”
was “essentially redundant with the higher-order A-factor of job satisfaction, affective
commitment, and job involvement” (p. 43). They further contended that engagement researchers
may not be adding much value to the literature beyond what is known about the explanatory
power of job attitudes unless studying work engagement at a more behavioral (i.e., criterion)
level. However, it may be the case that the commonly used engagement scales in the literature
(which populated their review) may measure an overly broad domain that overlaps too much
with scales measuring other constructs like job attitudes. That the IPWES potentially measures a
narrower and perhaps less contaminated domain, and does so with high precision, suggests from
a bandwidth–fidelity perspective that it would be particularly useful when investigating
somewhat narrower or more targeted predictors and criteria. For example, this might include
studying how specific forms of supervisor or coworker support explain employees’ subsequent
work engagement, or how employees’ level of work engagement explains specific motivational
criteria such as specific task-level accomplishment, mistakes/accidents, etc.
The other explanation for the discriminant validity results has to do with common method
variance. Most scales used in survey research, including all those included in Study 3 aside from
the IPWES, have been developed and are scored using dominance methods. It can very well be
the case that the same response styles/biases and methodological artifacts (e.g., use of the same
scoring model) affect those scales and the relationships between them given that they use the
same item formatting. Also, it is possible (and an area of future inquiry) that dominance scales
themselves may be more susceptible to certain response styles as compared with ideal point
scales because they are much more commonly encountered by individuals and may require less
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cognitive effort. Since individuals are generally familiar with these scales they may respond to
items in a rather automatic fashion. They may also not put as much effort into responding to
dominance-style items since these items tend to be homogenous, whereas a set of ideal point
items, which would be more diversely located, may elicit more thoughtfulness. As the
psychometric literature in general begins to move towards broader support for and more common
use of ideal point methodology, these are important avenues of inquiry that if studied can provide
us with better understanding and guidance around the use of these two psychometric
frameworks.
Practical Implications
In practice, work engagement is generally conceptualized and measured in similar ways
as it is in academia—i.e., using a dominance-style approach. However, practitioners tend to
define and operationalize work engagement with much more overlap with job attitudes such as
job satisfaction and behavioral criteria such as proactive behavior (Macey & Schneider, 2008).
They may even outright combine those constructs into a broader “organizational effectiveness”
or “high performing organization” type of construct. Moreover, work engagement in practice is
commonly measured using very short scales, perhaps even single-item scales, which are
embedded within larger organizational surveys comprised completely of dominance-style items.
These methodological decisions are driven by client-focused considerations such as the need to
measure a wide variety of concepts while minimizing survey length and employees’ time away
from their jobs; the simplicity of administering, analyzing, and explaining the survey results; and
the time and monetary costs to the practitioner associated with designing and analyzing the data
from longer or more complex measures. There is indeed value to simplicity and repeatability.
These situations, however, make it very challenging to measure work engagement in an accurate
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and uncontaminated way. The practical benefits of shifting to an ideal point approach for
measuring work engagement may be worth consideration. This shift is already well underway in
the area of pre-hire personality assessments.
One important practical implication of the present research involves the potential score
differences that may be seen depending on methodology used to estimate individuals’ level of
work engagement, and the importance of these score differences for research and practice.
Evidence was obtained supporting that individuals with very high and very low levels of work
engagement may be misestimated as being more moderate, or more commonly, more moderately
engaged individuals being scored as more extreme if scored using dominance methods. These
types of scoring differences have the biggest impact in applications where precise measurement
of individuals at the extremes is critical. In the ideal point literature, personnel selection
decisions such as top-down selection based on pre-hire personality assessment results are the
most salient example of such an application (Carter et al., 2014; Dalal & Carter, 2015). Work
engagement does not exactly fit into this context, but a similar type of context might include
incentive programs where the most engaged employees are rewarded for their dedication and
focus on the work, or the least engaged employees are identified for training, development, or
job reassignment or redesign.
A second salient application where increased precision at the extremes can bring
tremendous value in the domain of work engagement, and one that has already been mentioned
several times in this paper (but that bears one last repetition), is toward the study of complex
relationships among work engagement and one or more other variables. Uncovering interactions
and curvilinear relationships may seem like academic endeavors to many, but there are certainly
very practical implications of the results of such analyses that organizational decision-makers
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would be expected to take seriously. In the personnel selection literature, the study of curvilinear
relationships is already beginning to gain interest and attention and the findings have been very
informative for practitioners. For example, research has shown that conscientiousness, which
most practitioners developing selection batteries would consider to always be better for job
performance at higher levels, may be curvilinearly related to certain dimensions of job
performance such that there may be a point on the continuum after which performance remains
the same or even decreases (Carter et al., 2014; Carter et al., 2016). This might impact the
decision to include conscientiousness in a pre-hire assessment battery or apply a complex scoring
scheme that takes the inflection point into account. A similar type of investigation could be
made in the domain of work engagement. For example, it is assumed that more engagement
generally leads to better outcomes. However, perhaps there is an inflection point after which the
positive effects of higher levels of work engagement wane or level off, or even become negative.
Such findings might suggest that an organization’s goal should not be to maximize work
engagement, but instead focus on combatting employee disengagement. Alternatively, they
might suggest that investing in work engagement interventions might not be as worthwhile as
once thought given the diminishing returns for many employees. As another example, say an
organization finds that an intervention, on average, produces increases in its annual employee
engagement survey results. However, perhaps the intervention works very well at increasing
certain employees’ work engagement (e.g., employees at certain levels, employees with certain
personality traits) but has no effects or even adverse effects on other employees. Similarly, a
certain performance intervention may work well for those with very high or very low work
engagement but have null effects for those in the intermediate range. In any case, the study of
complex relationships in combination with ideal point measurement might help illuminate these
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and other findings and provide critical information to organizations that can be used to guide
resource allocation and intervention design.
A third application where the increased precision can be an important factor includes
investigation of the financial implications of employee engagement. Organizations may seek to
associate individual employees’ engagement levels with their respective sales, productivity, or
other objective performance metric. An ideal point scale in these contexts can more accurately
estimate the contributions the most and least engaged workers provide to the organization and
can better inform decision makers on the need for engagement interventions and which groups of
employees to target.
Another practical implication of the results of this dissertation is the availability of a new,
validated work engagement scale built on ideal point methodology. Use of this scale for research
or practical applications simply requires submitting individuals’ responses to the 20 items and
the item parameter estimates to a software package such as the ScoreGGUM R package (King &
Roberts, 2015). The challenge with this and with the use of ideal point methods in general of
course is the requirement that someone with the technical knowledge and expertise be on hand to
complete this work. If researchers or organizations wish to use the scale but do not have the
psychometric expertise and advanced software to score it conventionally, they can potentially
develop an automated scoring process using the GGUM formula and common computer
spreadsheet programs with advanced formula functionality that most individuals already have
access to such as Microsoft Excel. However, this approach would still require having someone
with some level of mathematics/statistics knowledge to understand all of the operations
occurring in the formula and the program skills needed to be able to successfully translate these
operations into the program. Alternatively, researchers or organizations could use a classic
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Thurstonian approach like the one described earlier in this paper. Using this classical approach,
a panel of judges are asked to make numerical ratings of the location of each item so location
parameters can be estimated. A location rating scale such as from 1 to 11 as was used by
Thurstone (1928) or from 1 to 7 as was used in Study 1 and also by Chernyshenko et al. (2007)
can be used to compute mean location ratings (i.e., item location parameter estimates). Then, the
IPWES is administered using just an agree–disagree response scale and participants are scored
by taking the mean location rating of all items they endorsed. This approach is relatively simple
and straightforward, but not as accurate and not as advantageous as the prescribed IRT approach.
Finally, it should be noted that ideal point methods have less practical benefit in the
context of analyzing simple bivariate relationships such as correlations between variables
(Drasgow et al., 2010). In these contexts, scales that provide reasonable separation of
individuals into high, moderate, and low levels on the construct are sufficient. The results of the
nomological and incremental predictive validity analyses in this research support this conclusion,
and do not invalidate or call into question the results of previous research focusing on simple
bivariate relationships between work engagement and other constructs. This is relevant to a
common application of work engagement measurement—key drivers analysis—in which
practitioners seek to identify which among various antecedents best predict employee
engagement, or which antecedent factors (including work engagement) best predict
organizational performance. However, at the same time, if scores from the different scales
included in the analysis—especially antecedent and outcome scales—are not very discriminable
from each other, the results of the analysis can be called into question.
Limitations and Future Directions
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The primary limitation of this research was the use of the same dataset to construct,
calibrate, and validate the IPWES in Studies 1 and 3 and perform the scale comparisons in Study
2. As was mentioned in the Discussion sections for Studies 2 and 3, this presents an important
threat to the generalizability of the results beyond the present sample, representative as it was.
Future research should seek to cross-validate the IPWES GGUM parameters, model fit, and
validation results as well as model fit and scoring comparisons between the dominance scales
and the IPWES using large independent samples. This would provide a stronger and more
comprehensive body of evidence supporting the use of the IPWES in research and practice as
well as the theoretical arguments made in this paper. Beyond this noteworthy limitation and
important avenue for future research, there are other general limitations, obstacles, and future
directions that span across and go beyond the three studies conducted here worth noting.
First, there are of course inherent limitations with self-report measurement in general.
For example, researchers have no way to verify the veracity of the responses that participants
provide and must trust that they are responding with sufficient effort and honesty across all
items. Additionally, self-report surveys are susceptible to common method biases unless steps
are taken to reduce these effects (Podsakoff et al., 2003). Examples of remedies include adding
time separation between measures, changing the general context, obtaining data from different
sources, guaranteeing anonymity, and application of statistical approaches to control for method
effects. One other possible remedy which I presented earlier could be to include measures
utilizing different formats such as a mix of ideal point and dominance-style scales. It would be
interesting to see if the use of different psychometric approaches can reduce common method
variance. Alternatively, organizational researchers have begun investigating the use of
psychophysiological-based methods such as eye tracking to measure and study organizational
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phenomenon including motivation (Scherbaum & Hanges, 2019, April). Such advanced
methodologies can eliminate many of the pitfalls and limitations of self-report measurement.
This is a very nascent area of study, however. Additional research into the efficacy, efficiency,
and acceptability of these methods is needed.
Researchers could also explore additional ways to validate ideal point scales that
complement traditional approaches like those used in the present study. For example, it would
be useful and interesting to obtain data from other sources, such as peer ratings of the focal
individuals’ work engagement, to examine and compare ideal point and dominance scales’
convergent validity. As another example, it could be useful and informative to compare ideal
point and dominance scales’ criterion-related validities using objective criteria as the criterion
measures. These suggestions also serve as ways to reduce common method variance in survey
research.
Second, one of the biggest obstacles of adopting an ideal point approach to scale
development involves the effort, time, and resources needed. For example, constructing an ideal
point scale requires developing a large pool of heterogenous items to ensure adequate
representation of all levels of the construct. One of the most difficult parts of ideal point scaling
is crafting and identifying well-fitting and highly discriminating items in the intermediate range.
The present research indeed required additional item crafting, piloting, and rescaling efforts to
identify a set of well-fitting intermediate items. This is a known challenge and an area in need of
further study in the ideal point literature (Cao et al., 2015; Huang & Mead, 2014).
In a similar vein, another obstacle/limitation of using ideal point methods is that the
scales usually need to be somewhat long (e.g., 20 or more items) to achieve the maximum
benefits of using this methodology. An adequate number of items with good discrimination are
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needed to represent all ranges of the latent continuum, and survey length can be a major
impediment for use in practice and even in some research contexts. More research is needed that
investigates tradeoffs between length and scale performance (e.g., test information, rank-order
differences) as well as if shorter ideal point scales can be created that can work as effectively as
or perhaps better than longer dominance scales in terms of rank-ordering individuals on the
measured construct. In this regard, shorter forms of the IPWES can be calibrated, validated, and
compared alongside the original version and dominance scales. This can include the
development of a computer-adaptive version of the scale. Computer-adaptive (vs. flat form)
measures can draw from a large bank of items but only administer relatively few to individuals to
obtain accurate trait estimates since only the items close to the respective individuals’ ideal
points on the construct are needed.
Finally, taking a step back and looking at the even bigger picture, this research also calls
on organizational scholars to rethink how to conceptualize constructs if they are to be adequately
understood and measured. Unfortunately, the psychological literature tends to distinctly
emphasize and conceptualize only high and low levels of constructs while giving much less
attention to describing what moderate levels might look like. This is not problematic when using
a dominance approach because constructs are generally operationalized using indicators of only
high and sometimes also low levels of the construct; more moderate agreement or frequency (or
intensity, etc.) responses to these items are then assumed to reflect more intermediate standings
of the measured construct. When working from an ideal point perspective, the intermediate
range of the construct (the range within which most individuals fall) needs to be clearly defined
as well. As ideal point methods become more and more commonplace in the psychological
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literature, we will likely (and hopefully) see an associated expansion of conceptual definitions
for constructs.
Conclusion
This paper began on the premise that work engagement researchers have failed to
consider the different processes that underlie individuals’ item response behavior and the
implications for theory, measurement, and empirical research. Further, I argued that the
traditional dominance-based psychometric methods which work engagement researchers and
practitioners have exclusively relied on may be insufficient and that ideal points methods are
more theoretically appropriate and empirically advantageous. The results of three studies
suggest that there is utility in the use of an ideal point framework over a dominance framework
for the conceptualization and measurement of the construct. Despite showing promise, some of
the results were mixed or inconclusive (e.g., similar relative model fit between the IPWES and
DWES despite poor absolute fit for the DWES; lack of predictive incremental validity for the
IPWES over and above dominance comparison scales in many cases). These unclear results
present opportunities for future research to improve our understanding of the advantages and
limitations of the two psychometric approaches in terms of work engagement measurement.
The theory that I presented and three studies conducted served to introduce the ideal point
framework and a new ideal point scale to work engagement measurement as well as provide a
new lens through which to study the construct. This is consistent with a general shift in nonability measurement towards the use of ideal point methodology. With additional focus on
measuring individuals using the correct response model, we may begin to advance work
engagement theory and practice by better understanding the role this construct plays in
motivational and health-related processes in the workplace.
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Tables
Table 1: Potential Issues with Extant Work Engagement Scales
Potential Issues with Extant Work Engagement Scales
Scale
MBI

•
•

UWES

•
•

JES

•
•

Potential Issues
All item content is strongly negatively worded (construct deficiency)
Item responses made on frequency response scale (unipolar format);
assumption that reversing item scores measures the positive end of the
construct
All item content is strongly positively worded (construct deficiency)
Item responses made on frequency response scale (unipolar format);
assumption that reversing item scores measures the negative end of the
construct
All item content is strongly positively worded (construct deficiency)
Assumption stronger agreement (disagreement) always indicates more
(less) of the construct
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Table 2: Scale Development Process and Sample Usage Across Studies
Scale Development Process and Sample Usage Across Studies
Step
Activity
1 Initial item pool development (71 total items)
2 Sample 1 data collection (798 participants)*
3 Scaling analyses (N = 798)
4 Development of additional items (85 total items)
5 Sample 2 data collection (201 participants)
6 Scaling analyses (N = 201-999)
7 Item pool reduction (37 total items)
8 Sample 3 Time 1 data collection (559 participants)
9 Sample 3 Time 2 data collection (290 matched cases)
10 Final scaling analyses (N = 760-1,558)
Note. *Numbers in this table reflect the sample size after data cleaning.

Study
1
1
1
1
1
1
1
1, 2, 3
3
1
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Table 3: Sample Demographic Information for the Complete Sample (N = 1,558)
Sample Demographic Information for the Complete Sample (N = 1,558)
Panel A.
Variable
Age
Average Work Hours per Week
Organizational Tenure (years)

Time 1
M
SD
33.73
10.17
40.78
12.07
5.41
5.27

Time 2
M
SD
37.72
11.10
41.76
7.76
7.02
6.27

Panel B.
Sex
Males
Females

Time 1 (%)
56.6
43.4

Time 2 (%)
53.7
46.3

Panel C.
Race/Ethnicity
White, not Hispanic
African American
Asian or Pacific Islander
American Indian/Alaskan Native
Hispanic
Other

Time 1 (%)
75.0
6.7
10.3
1.4
4.8
1.9

Time 2 (%)
77.2
4.4
9.9
3.4
4.1
1.0

Panel D.
Level of Education
High school diploma or lower
Associate’s degree (or equivalent)
Bachelor’s degree (or equivalent)
Master’s degree (or equivalent)
Doctoral degree (or equivalent)

Time 1 (%)
20.6
20.6
44.2
12.0
2.6

Time 2 (%)
20.7
19.0
42.5
16.0
1.7
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Panel E.
O*NET Job Family
Agriculture and Engineering
Arts, Design, Entertainment, Sports, and Media
Building and Grounds Cleaning and Maintenance
Business and Financial Operations
Community and Social Service
Computer and Mathematical
Construction and Extraction
Education, Training, and Library
Farming, Fishing, and Forestry
Food Preparation and Serving Related
Healthcare Practitioners and Technical
Healthcare Support
Installation, Maintenance, and Repair
Legal
Life, Physical, and Social Science
Management
Military Specific
Personal Care and Service
Production
Protective Service
Sales and Related
Transportation and Material Moving

Time 1 (%)
2.4
6.7
0.8
13.5
2.4
13.2
2.4
10.3
0.3
4.9
3.3
4.6
2.0
2.4
3.0
5.3
0.8
1.7
3.1
0.7
14.1
2.1

Time 2 (%)
3.1
5.4
0.7
19.4
1.0
14.3
2.0
8.2
0.0
4.8
2.7
3.4
2.4
3.1
3.4
5.8
0.3
2.0
3.4
0.7
10.9
3.1
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Panel F.
Industry
Accommodation and Food Services
Administrative and Support services
Agriculture, Forestry, Fishing, and Hunting
Arts, Entertainment, and Recreation
Construction
Educational Services
Finance and Insurance
Government
Health Care and Social Assistance
Information
Management of Companies and Enterprises
Manufacturing
Mining, Quarrying, and Oil and Gas Extraction
Other Services (Except Public Administration)
Professional, Scientific, and Technical Services
Real Estate and Rental and Leasing
Retail Trade
Self-Employed
Transportation and Warehousing
Utilities
Wholesale Trade

Time 1 (%)
4.2
4.2
1.3
6.4
2.8
10.7
7.9
5.6
10.1
8.0
1.1
5.5
0.5
5.0
8.7
1.5
10.3
2.0
2.1
1.4
0.8

Time 2 (%)
3.4
5.1
1.7
5.8
3.4
8.2
9.2
6.5
8.2
9.5
1.7
9.2
0.0
4.4
9.9
1.7
5.4
1.0
3.1
1.7
1.0
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Table 4: Item Pool Reduction Results for the Ideal Point Scale
Item Pool Reduction Results for the Ideal Point Scale
Item
Number

Content

Data Collection
First Second

Third

Item Analysis Notes
IPWES

DWES

Item 1

Emotionally speaking, I had very few ups or
downs while at work.

X

Poor
discrimination

Did not load on
principal factor

Item 2*

It was easy to distract me from my work.

X

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Item 3*

Only occasionally did I get absorbed in my
work.

X

Final scale

FA cross-loadings

Item 4*

I frequently day-dreamed while at work.

X

Poor fit

Did not load on
principal factor

Item 5*

While at work, I often felt emotionally drained.

X

Poor fit

Did not load on
principal factor

Item 6*

Sometimes I felt interested while at work, and
other times I felt bored.

X

X

X

Final scale

FA cross-loadings

Item 7*

I often felt distracted while at work.

X

X

X

Final scale

Final scale

Note. *item was reversed-scored for dominance analyses.

X

X
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Table 4 (continued)
Item
Number

Content

Data Collection
First Second

Item 8*

Most days, I felt that I could NOT focus on my
work.

X

Item 9*

Sometimes I was fascinated by my work and
other times I was disinterested.

X

X

Item 10*

I was usually bored when I was at work.

X

X

Item 11

My work made me feel excited.

Third

Item Analysis Notes
IPWES

DWES

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

X

Final scale

FA cross-loadings

X

Final scale

Final scale

X

Poor fit

Did not load on
principal factor

X

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Final scale

Final scale

Item 12*

Time seemed to pass by slowly while at work.

Item 13*

While at work I was neither completely focused
nor completely distracted, but somewhere in
between.

X

Item 14

Time passed by quickly when I was at work.

X

X

X
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Table 4 (continued)
Item
Number
Item 15

Item 16*

Content

My work inspired me.

Sometimes I felt triumphant while at work, and
other times I felt disappointed.

Data Collection
First Second

Third

Item Analysis Notes
IPWES

DWES

X

Poor fit

Did not load on
principal factor

X

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Did not load on
principal factor

Item 17*

I occasionally felt disappointed while at work.

X

Poor
discrimination
relative to other
items with similar
location

Item 18*

I did not feel much emotion while at work.

X

Poor
discrimination

Did not load on
principal factor

Item 19*

Sometimes I felt enthusiastic while at work, but
other times I felt deflated.

X

Poor fit; item
switched out at
end for better one

FA cross-loadings

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Item 20*

My work days seemed to drag on forever.

X

X

X
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Table 4 (continued)
Item
Number
Item 21*

Content
A lot of the time I was disinterested in my
work.

Data Collection
First Second

Third

Item Analysis Notes
IPWES

DWES

X

Poor fit

Did not load on
principal factor

Did not load on
principal factor

Item 22*

I focused less than my full attention on my
work activities.

X

Poor
discrimination
relative to other
items with similar
location

Item 23*

While at work, I often felt complacent.

X

Poor
discrimination

Did not load on
principal factor

X

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Final scale

Final scale

Item 24*

Sometimes I was absorbed in my work, but
other times I was distracted.

Item 25

I felt content while at work.

X

Item 26

Most of the time I was completely immersed in
my work.

X

X

X
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Table 4 (continued)
Item
Number

Content

Data Collection
First Second

Third

Item Analysis Notes
IPWES

DWES

Item 27

When I was working, my attention was
completely focused.

X

X

X

Final scale

Final scale

Item 28*

I was never immersed in my work.

X

X

X

Poor fit

Final scale

Item 29*

I frequently thought of things unrelated to my
job when I was at work.

X

Poor fit

Did not load on
principal factor

Item 30*

I often felt deflated while at work.

X

Final scale

Final scale

Item 31*

There were times while at work when I was
completely focused, but there were other times
when I was completely unfocused.

X

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

X

Poor
discrimination
relative to other
items with similar
location

Final scale

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Item 32*

Item 33

I felt unenthusiastic while at work.

My work mentally stimulated me.

X

X

X

X

X
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Table 4 (continued)
Item
Number

Content

Data Collection
First Second

Third

Item Analysis Notes
IPWES

DWES

Item 34*

I was only somewhat interested in my work.

X

X

X

Final scale

Final scale

Item 35*

Although I was able to get really focused on my
work, I was also easily distracted.

X

X

X

Final scale

FA cross-loadings

Item 36*

I got angry when things went badly for me
while at work.

X

Poor
discrimination

Did not load on
principal factor

Item 37*

While at work I felt neither enthusiastic nor
unenthusiastic, but somewhere in between.

X

Poor fit

Did not load on
principal factor

Item 38*

My mind wandered a lot while at work.

X

Final scale

Final scale

X

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

X

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Item 39*

Item 40

I lost focus a lot while at work.

Once in a while, I got so into my work that I
lost track of time.

X

X
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Table 4 (continued)
Item
Number

Item 41

Item 42

Item 43*

Content

My work was always on my mind.

I was filled with enthusiasm while at work.

Often, I got frustrated with the mistakes I made
while at work.

Data Collection
First Second

Third

Item Analysis Notes
IPWES

DWES

X

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

X

Poor
discrimination
relative to other
items with similar
location

FA cross-loadings

X

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

X

X

Item 44*

I usually found it difficult to concentrate on my
work.

X

Item 45

I felt energized by my work.

X

X

X

Final scale

Final scale

Item 46*

I felt detached from my work.

X

X

X

Final scale

Final scale
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Table 4 (continued)
Item
Number

Content

Data Collection
First Second

Third

Item Analysis Notes
IPWES

DWES

X

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Poor
discrimination

Reduced reliability,
low item–total
correlation

Item 47*

It was difficult for me to stay focused on my
work.

Item 48

I forgot everything else around me when I was
at work.

X

Item 49

I frequently lost track of time when I was doing
my work.

X

Poor
discrimination

Did not load on
principal factor

Item 50

I felt very excited while at work.

X

Poor fit

Did not load on
principal factor

Did not load on
principal factor

X

X
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Item 51

My work fascinated me.

X

Poor
discrimination
relative to other
items with similar
location

Item 52

I got frustrated while at work when I felt that
my progress was too slow.

X

Poor
Did not load on
discrimination; too
principal factor
long

Item 53

I sometimes got completely enveloped in my
work.

X

X

X

Final scale

Final scale

Table 4 (continued)
Item
Number

Content

Data Collection
First Second

Third

Item Analysis Notes
IPWES

DWES

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Poor
discrimination

Did not load on
principal factor

X

Poor fit

Final scale

X

Poor fit

Did not load on
principal factor

Item 58*

Sometimes I immersed myself in my work, but
other times I neglected it.

X

X

X

Poor fit; item
switched out at
end for better one

FA cross-loadings

Item 59

I usually felt eager when I was at work.

X

X

X

Poor fit

Final scale

Item 60

I was intensely focused while at work.

X

Poor fit

Did not load on
principal factor

Item 61

I found it easy to concentrate on my work.

X

X

X

Final scale

Final scale

Item 62*

I felt neither excited nor bored while at work,
but somewhere in between.

X

X

X

Final scale

FA cross-loadings

Item 54

I was neither completely interested nor
completely disinterested in my work, but
somewhere in between.

X

Item 55

I felt only somewhat frustrated with my work.

X

Item 56

My work captured my interest a great deal.

Item 57*

Rather than thinking about what I was doing, I
tended to work almost robotically.

X

X
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Table 4 (continued)
Item
Number

Item 63*

Content

While at work, I sometimes felt depressed.

Data Collection
First Second

Third

X

Item Analysis Notes
IPWES

DWES

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Item 64

Nothing seemed to distract me from my work.

X

X

X

Poor
discrimination

Low item–total
correlation, but item
switched back in;
final scale

Item 65

I was somewhat absorbed in my work.

X

X

X

Final scale

FA cross-loadings

Did not load on
principal factor

Item 66*

When I was at work, I felt uninspired.

X

Poor
discrimination
relative to other
items with similar
location

Item 678

Sometimes my work frustrated me when I made
less than adequate progress.

X

Poor
discrimination

Did not load on
principal factor

X

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Item 68*

When I was at work, I often felt disappointed.
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Table 4 (continued)
Item
Number

Item 69

Content

I felt somewhat vigorous while at work.

Data Collection
First Second

X

X

Item Analysis Notes

Third

IPWES

DWES

X

Poor
discrimination
relative to other
items with similar
location

Low item–total
correlation

Did not load on
principal factor

Item 70*

I rarely got absorbed in my work.

X

Poor
discrimination
relative to other
items with similar
location

Item 71

My work caused me to have very few emotional
ups and downs.

X

Poor
discrimination

Did not load on
principal factor

Item 72

I felt about an average level of enthusiasm
while at work.

X

X

Poor fit

FA cross-loadings

Item 73

I was about as absorbed in my work as most
others.

X

X

Final scale

FA cross-loadings

Item 74*

My feelings of interest at work were about
average.

X

X

Final scale

FA cross-loadings
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Table 4 (continued)
Item
Number

Content

Data Collection
First Second

Poor fit

FA cross-loadings

X

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

X

Poor
discrimination
relative to other
items with similar
location

Low item–total
correlation

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

X

Item 76

I was about as immersed in my work as most
others.

X

Item 78

Item 79

I was just a little more focused on my work
compared to others.

On occasion, I felt vigorous at work.

DWES

Did not load on
principal factor

At work I felt emotionally neutral - neither good
nor bad.

My interest in my work was slightly above
average.

IPWES
Poor
discrimination
relative to other
items with similar
location

Item 75*

Item 77

Third

Item Analysis Notes

X

X

X
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Table 4 (continued)
Item
Number

Item 80*

Item 81

Item 82

Content

I felt a little bit of interest at work.

I went into work every day feeling eager to dive
into my tasks.

I felt very vigorous at work.

Data Collection
First Second

Third

Item Analysis Notes
IPWES

DWES

X

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

X

X

Poor
discrimination
relative to other
items with similar
location

Final scale

X

Poor
discrimination
relative to other
items with similar
location

FA cross-loadings,
item switched out

Poor
discrimination
relative to other
items with similar
location

Did not load on
principal factor

Poor fit

Final scale

X

Item 83

Even when I felt tired, I was still able to stay
very focused on my work.

X

Item 84*

I went into work every day dreading the tasks I
had to do.

X

X
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Table 4 (continued)
Item
Number
Item 85*

Content
I felt extremely disinterested at work.

Data Collection
First Second
X

Third
X

Item Analysis Notes
IPWES
Poor fit

DWES
Final scale
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Table 5: GGUM Item Parameter Estimates for the 20-item Ideal Point Work Engagement Scale
GGUM Item Parameter Estimates for the 20-item Ideal Point Work Engagement Scale
Item

α (seα)

GGUM Item Parameter
δ (seδ)
τ1 (seτ1) τ2 (seτ2)

τ3 (seτ3)

I found it easy to concentrate on my
2.00 (.08) 2.13 (.10) -4.24 (.14) -2.72 (.11) -.87 (.10)
work.
When I was working, my attention
1.90 (.08) 2.07 (.08) -4.15 (.12) -2.39 (.09) -.74 (.09)
was completely focused.
I felt energized by my work.
1.99 (.08) 2.05 (.09) -3.5 (.12) -2.14 (.10) -.46 (.09)
Time passed by quickly when I was at
1.71 (.07) 1.86 (.07) -3.34 (.10) -2.28 (.08) -.47 (.07)
work.
Most of the time I was completely
2.35 (.11) 1.85 (.06) -3.45 (.09) -2.11 (.07) -.56 (.07)
immersed in my work.
I sometimes got completely enveloped
1.49 (.07) 1.75 (.07) -3.66 (.12) -2.63 (.09) -.30 (.08)
in my work.
I was about as absorbed in my work as
.79 (.07) 1.65 (.16) -4.86 (.43) -2.94 (.24) .87 (.22)
most others.
I was somewhat absorbed in my work. 1.53 (.08) 1.59 (.05) -3.62 (.12) -2.47 (.08) .22 (.08)
My feelings of interest at work were
.79 (.09) -.18 (.08) -3.35 (.28) -1.7 (.14) 1.72 (.28)
about average.
Sometimes I was fascinated by my
work and other times I was
1.53 (.09) -.37 (.03) -2.09 (.08) -.72 (.04) .98 (.11)
disinterested.
I felt neither excited nor bored while at
1.36 (.08) -.44 (.04) -2.34 (.09) -1.11 (.05) .99 (.11)
work, but somewhere in between.
Sometimes I felt interested while at
1.91 (.10) -.68 (.03) -2.29 (.07) -1.11 (.04) .51 (.07)
work, and other times I felt bored.
Although I was able to get really
focused on my work, I was also easily 1.75 (.09) -.76 (.03) -2.15 (.07) -.73 (.04) .83 (.10)
distracted.
Only occasionally did I get absorbed
1.37 (.07) -.99 (.04) -2.59 (.09) -.94 (.06) 1.2 (.14)
in my work.
I was only somewhat interested in my
1.87 (.07) -1.24 (.04) -2.65 (.07) -1.27 (.05) .56 (.08)
work.
My mind wandered a lot while at
2.03 (.07) -2.42 (.11) -3.68 (.12) -2.42 (.11) -1.02 (.12)
work.
I often felt distracted while at work.
2.19 (.07) -2.54 (.10) -3.66 (.11) -2.22 (.10) -.69 (.11)
I felt detached from my work.
2.72 (.10) -2.73 (.15) -3.57 (.16) -2.32 (.16) -1.08 (.16)
I was usually bored when I was at
2.45 (.09) -2.86 (.22) -3.78 (.22) -2.44 (.22) -1.5 (.22)
work.
I often felt deflated while at work.
2.04 (.07) -3.87 (5.12) -4.79 (5.11) -3.4 (5.12) -2.15 (5.16)
Note. α = GGUM item discrimination parameter. δ = GGUM item location parameter. τ =
GGUM item category threshold parameters.
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Table 6: Descriptive Statistics of Adjusted χ2/df Ratios for the IPWES and DWES
Descriptive Statistics of Adjusted χ2/df Ratios for the IPWES and DWES
Fit Statistic

2

<1

Singlets
Doublets
Triplets

13
0
0

Singlets
Doublets
Triplets

1
0
0

Number of Adjusted (N = 3,000) χ /df ratios
1<2
2<3
3<4
4<5
5<7
GGUM Fit to IPWES Response Data
6
1
0
0
0
0
0
1
2
7
0
0
3
5
91
GRM Fit to DWES Response Data
1
10
2
2
1
0
0
0
1
10
0
1
0
8
132

M

SD

0
180
1041

.82
14.38
10.40

.75
6.42
2.79

3
179
999

4.96
14.77
9.97

5.78
5.98
2.94

>7
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Table 7: GRM Item Parameter Estimates for the Dominance Work Engagement Scale
GRM Item Parameter Estimates for the Dominance Work Engagement Scale
Item

GRM Item Parameter
a (sea)
b1 (seb1) b2 (seb2)
1.37 (.10) -1.88 (.09) -.25 (.04)
1.79 (.12) -1.36 (.06) -.30 (.04)
1.22 (.10) -1.56 (.08) -.24 (.05)

b3 (seb3)
1.28 (.06)
1.05 (.05)
1.53 (.07)

I often felt distracted while at work. *
I was usually bored when I was at work. *
Time passed by quickly when I was at work.
Most of the time I was completely immersed in
1.46 (.12) -1.64 (.08) -.14 (.04) 1.51 (.06)
my work.
When I was working, my attention was
1.26 (.10) -2.08 (.10) -.20 (.05) 1.50 (.07)
completely focused.
I was never immersed in my work. *
1.09 (.09) -2.11 (.12) -.87 (.06) .90 (.06)
I often felt deflated while at work. *
1.50 (.11) -1.70 (.07) -.37 (.04) 1.06 (.05)
I felt unenthusiastic while at work. *
1.55 (.10) -1.52 (.07) -.15 (.04) 1.19 (.05)
I was only somewhat interested in my work. *
1.08 (.08) -2.08 (.11) .04 (.05) 1.68 (.08)
My mind wandered a lot while at work. *
1.32 (.09) -1.39 (.07) .08 (.04) 1.45 (.07)
I felt energized by my work.
1.51 (.11) -1.40 (.07) .05 (.04) 1.69 (.07)
I felt detached from my work. *
1.83 (.13) -1.64 (.07) -.34 (.04) .99 (.04)
I sometimes got completely enveloped in my
1.02 (.09) -2.14 (.13) -.68 (.06) 1.56 (.08)
work.
My work captured my interest a great deal.
1.81 (.14) -1.44 (.06) -.10 (.04) 1.42 (.05)
I usually felt eager when I was at work.
1.24 (.09) -1.60 (.08) -.04 (.05) 1.81 (.08)
I found it easy to concentrate on my work.
1.33 (.10) -2.15 (.11) -.48 (.05) 1.38 (.06)
Nothing seemed to distract me from my work.
1.03 (.09) -1.50 (.09) .38 (.05) 2.23 (.11)
I went into work every day feeling eager to dive
1.53 (.17) -1.17 (.09) .08 (.06) 1.67 (.09)
into my tasks.
I went into work every day dreading the tasks I
1.09 (.13) -1.66 (.14) -.53 (.08) .90 (.09)
had to do. *
I felt extremely disinterested at work. *
1.80 (.20) -1.55 (.10) -.53 (.06) .75 (.06)
Note. *Reverse-scored. a = GRM item discrimination parameter. b = GRM difficulty parameters.
se = standard error of the parameter estimate.
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Table 8: Comparison of Work Engagement Score Percentile Range Frequencies between the IPWES and DWES
Comparison of Work Engagement Score Percentile Range Frequencies between the IPWES and DWES
Percentile
Percentile Range for DWES Score
Range for
≤ 5th
≤10th, > 5th ≤ 25th, > 10th > 25th, < 75th ≥ 75th, < 90th ≥ 90th, < 95th
IPWES Score
≤ 5th
63
14
0
0
0
0
≤10th, > 5th
16
41
20
1
0
0
≤ 25th, > 10th
0
23
180
31
0
0
> 25th, < 75th
0
1
32
692
51
1
≥ 75th, > 90th
0
0
0
53
157
22
≥ 90th, > 95th
0
0
0
0
10
36
≥ 95th
0
0
0
0
13
18
79
79
232
777
231
77
Total
Note. Scores that were categorized differently across measures are in bold.

≥ 95th
0
0
0
0
3
32
46
81

Total
77
78
234
777
235
78
77
1,556
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Table 9:

D es cr ip tive S ta tis tics o f Ad jus ted χ 2 /df Ratios for the U WES–9, JES, MBI Exh aus tio n S u bsca le, a nd OL BI D is en ga g em en t S ubs ca le

Descriptive Statistics of Adjusted χ2/df Ratios for the UWES–9, JES, MBI Exhaustion Subscale,
and OLBI Disengagement Subscale
2

Number of Adjusted (N = 3,000) χ /df ratios
Fit Statistic
M
<1
1<2
2<3
3<4
4<5
5<7
>7
GRM Fit to UWES–9 Response Data
Singlets
0
0
0
1
0
2
6
8.03
Doublets
0
0
0
1
2
7
26
9.52
Triplets
0
0
0
0
0
4
80
13.35
GGUM Fit to UWES–9 Response Data
Singlets
0
1
0
1
0
2
5
7.23
Doublets
0
0
0
1
0
1
34
15.35
Triplets
0
0
0
0
0
3
81
17.26
GRM Fit to JES Response Data
Singlets
0
0
0
0
0
0
18
70.18
Doublets
0
0
0
0
0
0
153
33.55
Triplets
0
0
0
0
0
0
816
23.26
GGUM Fit to JES Response Data
Singlets
0
7
5
2
2
2
0
2.91
Doublets
0
1
0
0
3
2
147
19.95
Triplets
0
0
0
1
2
15
798
21.14
GRM Fit to Modified MBI Exhaustion Subscale Response Data
Singlets
0
0
0
0
0
0
9
12.33
Doublets
0
0
3
2
7
10
14
7.64
Triplets
0
0
0
4
11
23
46
8.61
GGUM Fit to Modified MBI Exhaustion Subscale Response Data
Singlets
0
0
0
0
0
1
8
24.93
Doublets
0
0
0
0
0
0
36
19.14
Triplets
0
0
0
0
0
0
84
20.92
GRM Fit to OLBI Disengagement Subscale Response Data
Singlets
8
0
0
0
0
0
0
0.00
Doublets
1
2
0
0
2
2
21
10.96
Triplets
0
0
0
1
3
11
41
10.24
GGUM Fit to OLBI Disengagement Subscale Response Data
Singlets
8
0
0
0
0
0
0
0.00
Doublets
0
1
1
1
0
4
21
12.84
Triplets
0
0
0
0
0
5
51
12.82

SD
2.34
4.41
4.44
3.94
7.19
6.22
6.34
11.64
8.68
1.38
13.70
11.23
1.80
5.50
4.39
16.43
10.08
7.34
0.00
5.63
4.32
0.00
6.83
5.23
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Table 10 : Comparison o f Wo rk Engagement S core Percentile Range Frequencies between the IPWES and UWES–9, JES, MBI Exhaustion Subscale, and OLBI Disengagement Subscale
Comparison of Work Engagement Score Percentile Range Frequencies between the IPWES and UWES–9, JES, MBI
Exhaustion Subscale, and OLBI Disengagement Subscale
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Percentile
Percentile Range For UWES–9 Score
Range for
≤ 5th
≤10th, > 5th ≤ 25th, > 10th > 25th, < 75th ≥ 75th, < 90th
IPWES Score
≤ 5th
17
5
1
0
0
≤10th, > 5th
7
7
9
3
0
≤ 25th, > 10th
4
9
41
18
0
> 25th, < 75th
2
5
32
192
23
≥ 75th, > 90th
0
0
0
53
40
≥ 90th, > 95th
0
0
0
9
13
≥ 95th
0
0
1
2
10
30
26
84
277
86
Total
Percentile
Percentile Range for JES Score
Range for
≤ 5th
≤10th, > 5th ≤ 25th, > 10th > 25th, < 75th ≥ 75th, < 90th
IPWES Score
≤ 5th
16
1
5
1
0
≤10th, > 5th
9
8
7
2
0
≤ 25th, > 10th
6
12
38
15
1
> 25th, < 75th
0
5
36
192
21
≥ 75th, > 90th
0
0
0
51
43
≥ 90th, > 95th
0
0
0
6
12
≥ 95th
0
0
0
4
7
31
26
86
271
84
Total
Note. Scores that were categorized differently across measures are in bold.

≥ 90th, < 95th

≥ 95th

0
0
0
5
8
8
7
28

0
0
0
4
7
7
10
28

≥ 90th, < 95th

≥ 95th

0
0
0
4
6
6
5
21

0
0
0
5
8
13
14
40

Total
23
26
72
263
108
37
30
559
Total
23
26
72
263
108
37
30
559

Table 10 (Continued)
Percentile
Range for
IPWES Score
≤ 5th
≤10th, > 5th
≤ 25th, > 10th
> 25th, < 75th
≥ 75th, > 90th
≥ 90th, > 95th
≥ 95th
Total
Percentile
Range for
IPWES Score
≤ 5th
≤10th, > 5th
≤ 25th, > 10th
> 25th, < 75th
≥ 75th, > 90th
≥ 90th, > 95th
≥ 95th
Total

Percentile Range for Modified MBI Exhaustion Subscale Score
≤ 5th

≤10th, > 5th

≤ 25th, > 10th

> 25th, < 75th

1
0
0
15
15
9
11
51

0
0
0
5
1
4
2
12

≤ 5th

≤10th, > 5th

≤ 25th, > 10th

> 25th, < 75th

0
0
0
2
6
16
15
39

0
0
0
2
12
8
6
28

0
0
0
20
43
10
6
79

0
4
19
176
46
3
2
250

≥ 75th, < 90th

≥ 90th, < 95th

0
2
4
0
11
7
4
28
23
27
155
45
27
61
4
16
8
0
8
8
0
82
273
83
Percentile Range for OLBI Disengagement Subscale Score

≥ 95th

4
3
10
12
0
0
0
29

12
5
7
4
0
0
1
29

≥ 75th, < 90th

≥ 90th, < 95th

≥ 95th

4
7
42
52
1
0
1
107

4
7
9
8
0
0
0
28

15
8
2
3
0
0
0
28

Total
23
26
72
263
108
37
30
559
Total
23
26
72
263
108
37
30
559
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Table 11: JES Item Intercorrelations
JES Item Intercorrelations
JES Item
δ
1
2
3
4
5
6
7
8
1. Emotional 6
4.29
--2. Emotional 2
4.25
.84
--3. Cognitive 4
4.14
.73 .73
--4. Emotional 1
4.12
.87 .88 .73
--5. Physical 1
4.01
.64 .70 .73 .69
--6. Cognitive 1
3.81
.62 .67 .74 .67 .69
--7. Physical 2
3.72
.58 .64 .69 .64 .75 .74
--8. Physical 3
3.70
.57 .64 .64 .61 .75 .66 .75
--9. Emotional 3
3.68
.82 .76 .72 .80 .64 .65 .62 .62
10. Cognitive 5
3.66
.60 .63 .73 .63 .66 .78 .74 .68
11. Cognitive 2
3.64
.61 .67 .69 .66 .71 .83 .77 .69
12. Cognitive 3
3.63
.63 .67 .73 .66 .71 .83 .77 .72
13. Cognitive 6
3.63
.61 .62 .72 .63 .69 .80 .75 .73
14. Physical 4
3.50
.52 .56 .62 .56 .67 .65 .78 .71
15. Emotional 5
3.46
.83 .78 .69 .81 .61 .62 .57 .57
16. Emotional 4
3.43
.78 .72 .70 .75 .60 .60 .59 .57
17. Physical 5
3.10
.51 .56 .59 .57 .65 .63 .75 .69
18. Physical 6
2.88
.55 .61 .62 .59 .73 .62 .69 .80
Note. JES = Job Engagement Scale. δ = GGUM item location parameter estimate.

9

10

11

12

13

14

15

16

17

--.66
.68
.67
.67
.60
.83
.83
.59
.53

--.81
.81
.85
.72
.62
.63
.69
.63

--.89
.85
.74
.62
.63
.72
.63

--.86
.74
.64
.63
.73
.66

--.76
.62
.63
.71
.68

--.53
.58
.88
.66

--.84
.52
.50

--.55
.46

--.65

189

Table 12: OLBI Item Intercorrelations
OLBI Item Intercorrelations
OLBI Item
δ
1
2
3
4
5
6
7
1. Item 6
4.27
--2. Item 2
3.59
.60
--3. Item 3
3.43
.51
.66
--4. Item 5
3.39
.45
.59
.63
--5. Item 8
-3.06
-.39
-.53
-.50
-.58
--6. Item 4
-3.08
-.48
-.59
-.54
-.58
.76
--7. Item 1
-3.14
-.34
-.47
-.49
-.50
.72
.72
--8. Item 7
-3.53
-.18
-.30
-.31
-.39
.60
.53
.55
Note. OLBI = Oldenburg Burnout Inventory – Disengagement Subscale. δ = GGUM item
location parameter estimate.
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Table 13: Measures to be Used in the Present Study
Measures to be Used in the Present Study
Construct Measured
Ideal Point Work Engagement Scale
Engagement (UWES–9)
Engagement (JES)
Disengagement (OLBI subscale)
Exhaustion (MBI subscale)
Mood (positive and negative)
Job Autonomy
Feedback from Others
Task Variety
Demands–Abilities Fit
Cognitive Demands
Time Urgency
Role Ambiguity
Illegitimate Tasks
Job Crafting
Extraversion
Neuroticism
Conscientiousness
Job Satisfaction
Organizational Commitment
Work Intensity
CWBs
Turnover Intentions
Absenteeism
Physical Symptoms
Demographics

Time 1
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X

X

Time 2
X

X
X
X
X
X
X
X

Validation Analysis
Temporal stability
Convergent
Convergent
Convergent
Convergent
Discriminant
Nomological
Nomological
Nomological
Nomological
Nomological
Nomological
Nomological
Nomological
Nomological
Nomological
Nomological
Nomological
Discriminant; Nomological
Discriminant; Nomological
Discriminant; Nomological
Nomological
Nomological
Nomological
Nomological
Discriminant
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Table 14: Descriptive Statistics for all Study 3 Measures
Descriptive Statistics for all Study 3 Measures
Measure
N
Min
Max
M
SD
Reliability*
IPWES (Time 1)
559
-3.51
3.17
.12
.99
.99
IPWES (Time 2)
290
-2.89
3.99
.20
1.03
.99
UWES (Time 1)
559
1.00
7.00
4.38
1.39
.96
UWES (Time 2)
290
1.00
7.00
4.46
1.31
.96
JES
542
1.00
5.00
3.72
.86
.97
MBI Emotional Exhaustion
559
1.00
6.00
2.97
1.45
.97
OLBI Disengagement
554
1.00
4.00
2.33
.67
.89
Positive Mood (Time 1)
559
1.00
5.00
3.16
.92
.94
Positive Mood (Time 2)
290
1.10
5.00
3.22
.91
.93
Negative Mood (Time 1)
559
1.00
4.50
1.53
.62
.91
Negative Mood (Time 2)
290
1.00
4.00
1.46
.58
.91
Autonomy
559
1.00
5.00
3.78
.98
.94
Feedback
559
1.00
5.00
3.49
1.00
.93
Task Variety
559
1.00
5.00
3.71
1.05
.97
Demands-Abilities Fit
559
1.00
5.00
3.87
.95
.94
Cognitive Demands
559
1.00
5.00
3.81
.94
.91
Time Urgency
559
1.00
5.00
3.41
1.05
.95
Role Ambiguity
559
1.00
5.00
2.06
.82
.90
Illegitimate Tasks
559
1.00
5.00
2.41
.91
.93
Increasing Structural Resources
559
1.00
5.00
3.86
.74
.89
Increasing Social Resources
559
1.00
5.00
2.75
.91
.90
Increasing Challenging Demands
559
1.00
5.00
3.12
.92
.89
Extraversion
559
1.00
5.00
3.31
.93
.90
Conscientiousness
558
1.40
5.00
3.94
.61
.92
Neuroticism
559
1.00
5.00
2.03
.96
.81
Job Satisfaction
290
1.00
5.00
3.71
1.09
.94
Organizational Commitment
290
1.00
5.00
3.53
1.12
.98
Work Intensity
290
.00
4.00
2.82
.78
.92
Counterproductive Workplace
290
1.00
4.00
1.46
.52
.87
Behaviors
Turnover Intensions
290
1.00
5.00
2.15
1.30
.97
Voluntary Absenteeism
290
.00
10.00
1.69
2.30
--Illness-Related Absenteeism
290
.00
15.00
1.81
2.30
--Physical Symptoms
290
1.00
3.85
1.68
.57
.87
Note. * All reliability estimates except for the IPWES are Cronbach’s alphas. The reliability
estimate for the IPWES at both time points was calculated using the marginal reliability formula
reliability = true score variance / (true score variance + error variance).
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Table 15: Nomological Validity Correlations
Nomological Validity Correlations
Measure

IPWES

UWES–9

JES

MBI

OLBI

Predictors - Job Characteristics
Autonomy
.38
.48
------Feedback
.38
.47
------Task Variety
.45
.50
------Demands-Abilities Fit
.52
.57
------Cognitive Demands
.37
.43
------Time Urgency
.20
.24
------Role Ambiguity
-.43
-.39
------Illegitimate Tasks
-.45
-.36
------Predictors - Job Crafting Behaviors
------Increasing Structural Job Resources
.56
.61
------Increasing Social Job Resources
.29
.40
------Increasing Challenging Job Demands
.48
.55
------Predictors - Personality Traits
------Extraversion
.33
.37
------Conscientiousness
.45
.37
------Neuroticism
-.47
-.34
------Criteria - Job Attitudes
Job Satisfaction
.65
.73
.68
-.64
-.75
Organizational Commitment
.57
.69
.63
-.53
-.64
Criteria – Job Performance
Work Intensity
.61
.62
.69
-.30
-.50
Counterproductive Workplace
-.34
-.20
-.27
.33
.30
Behaviors
Criteria - Withdrawal Behaviors
Turnover Intensions
-.49
-.48
-.46
.57
.55
1
†
†
Voluntary Absenteeism
-.14*
-.09
-.12*
.04
.07†
Criteria - Employee Health
Illness-Related Absenteeism1
.00†
-.04†
-.08†
.07†
.10†
Physical Symptoms
-.33
-.33
-.27
.48
.38
Note. N = 290 for all correlations. All correlations are significant beyond the .002 Bonferronicorrected level unless otherwise noted.
1
after log10 transformation.
†
p ≥ .05. * p < .05.
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Table 16: Time 1 to Time 2 Correlations for the State-Like Measures (N = 290)
Time 1 to Time 2 Correlations for the State-Like Measures (N = 290)
IPWES
UWES–9
Positive Mood Negative Mood
T2
T2
T2
T2
IPWES T1
.76
.72
.60
-.39
UWES–9 T1
.72
.87
.71
-.25
Positive Mood T1
.63
.73
.84
-.28
Negative Mood T1
-.43
-.30
-.28
.82
Note. The UWES–9 did not have temporal instructions. The positive and negative mood
scales used the “over the past few weeks” PANAS instructions. Test-retest reliabilities located
along the diagonals in bold. p < .001 for all correlations in the table.
Measure
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Table 17: Convergent and Discriminant Validity Coefficients
Convergent and Discriminant Validity Coefficients
Measure

IPWES T1

IPWES T2

UWES–9
T1

UWES–9
T2

JES

MBI

OLBI

IPWES (T1)
--UWES–9 (T1)
.82
----JES (T1)
.82
--.85
----MBI Emotional Exhaustion (T1)
-.64
---.60
---.51
--OLBI Disengagement (T1)
-.82
---.84
---.78
.68
--Positive Mood (T1)
.66
--.77
--.71
-.48
-.66
Positive Mood (T2)
.60
.66
.71
.76
.68
-.40
-.59
Negative Mood (T1)
-.43
---.28
---.32
.54
.37
Negative Mood (T2)
-.39
-.42
-.25
-.27
-.30
.42
.34
Job Satisfaction (T2)
.65
.67
.73
.79
.68
-.64
-.75
Organizational Commitment (T2)
.57
.61
.69
.76
.63
-.53
-.64
Work Intensity (T2)
.61
.67
.62
.67
.69
-.30
-.50
†
†
†
Age
.17
--.05
--.08
-.05
-.06†
Sex
.02†
--.00†
--.05†
-.01†
-.01†
Hours
.10*
--.09*
--.09*
.01†
-.10*
†
Tenure
.14**
--.08
--.10*
-.10*
-.11**
Note. N for all coefficients involving only Time 1 variables range from 558 to 559. N for all coefficients involving Time 2
variables = 290. All coefficients are significant to the .001 level unless otherwise noted.
†
p ≥ .05. * p < .05. ** p < .01.
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Table 18: Results of Hierarchical Regression Analysis Regressing Job Attitude Criteria on Comparison Work Engagement Scales and the IPWES
Results of Hierarchical Regression Analysis Regressing Job Attitude Criteria on Comparison Work Engagement Scales and the
IPWES
Standardized
Step 2
Hypothesis
Coefficient
Total R2
Hypothesis
Criterion
ΔR2
Supported?
Step 1
Step 2
8a.i
Job Satisfaction
UWES–9
.73
.57
IPWES
.19**
.01**
.54
No
8a.ii
Job Satisfaction
JES
.68
.44
IPWES
.30
.03
.49
Yes
8a.iii
Job Satisfaction
MBI
-.64
-.39
IPWES
.42
.11
.52
Yes
8a.iv
Job Satisfaction
OLBI
-.75
-.66
IPWES
.12†
.01†
.57
No
8b.i
Org. Commitment
UWES–9
.69
.64
IPWES
.07†
.00†
.48
No
8b.ii
Org. Commitment
JES
.63
.47
IPWES
.20**
.01**
.41
No
8b.iii
Org. Commitment
MBI
-.53
-.28
IPWES
.41
.11
.38
Yes
8b.iv
Org. Commitment
OLBI
-.64
-.50
IPWES
.17*
.01*
.42
No
Note. N = 290. All standardized regression coefficients and ΔR2s are significant to the Bonferroni-corrected .0016 level unless
otherwise noted.
†
p ≥ .05. * p < .05. ** p < .01.
Engagement
Scale
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Table 19: Results of Hierarchical Regression Analysis Regressing Performance Criteria on Comparison Work Engagement Scales and the IPWES
Results of Hierarchical Regression Analysis Regressing Performance Criteria on Comparison Work Engagement Scales and the
IPWES
Standardized
Step 2
Hypothesis
Coefficient
Total R2
Hypothesis
Criterion
ΔR2
Supported?
Step 1
Step 2
9a.i
Work Intensity
UWES–9
.62
.37
IPWES
.31
.04
.42
Yes
9a.ii
Work Intensity
JES
.69
.57
IPWES
.15*
.01*
.49
No
†
9a.iii
Work Intensity
MBI
-.30
.10
IPWES
.67
.28
.37
Yes
9a.iv
Work Intensity
OLBI
-.50
-.03†
IPWES
.59
.12
.37
Yes
9b.i
CWB
UWES–9
-.20
.18†
IPWES
-.48
.08
.13
Yes
9b.ii
CWB
JES
-.27
-.01†
IPWES
-.33
.04
.11
Yes
9b.iii
CWB
MBI
.33
.20**
IPWES
-.21**
.03**
.14
No
9b.iv
CWB
OLBI
.28
.07†
IPWES
-.28**
.03**
.12
No
2
Note. N = 290. All standardized regression coefficients and ΔR s are significant to the Bonferroni-corrected .0016 level unless
otherwise noted.
†
p ≥ .05. * p < .05. ** p < .01.
Engagement
Scale
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Table 20: Results of Hierarchical Regression Analysis Regressing Performance Criteria on Comparison Work Engagement Scales and the IPWES
Results of Hierarchical Regression Analysis Regressing Performance Criteria on Comparison Work Engagement Scales and the
IPWES
Standardized
Step 2
Hypothesis
Coefficient
Total R2
Hypothesis
Criterion
ΔR2
Supported
Step 1
Step 2
10a.i
Turnover Intentions
UWES–9
-.48
-.26**
IPWES
-.29
.03
.26
Yes
10a.ii
Turnover Intentions
JES
-.46
-.20*
IPWES
-.33
.04
.25
Yes
10a.iii
Turnover Intentions
MBI
.57
.43
IPWES
-.23
.04
.36
Yes
10a.iv
Turnover Intentions
OLBI
.55
.46
IPWES
-.12†
.01†
.31
No
1
†
†
10b.i
Voluntary Absenteeism UWES–9
-.09
.05
IPWES
-.17†
.01†
.02
No
1
†
10b.ii
Voluntary Absenteeism JES
-.12*
-.04
IPWES
-.10†
.00†
.02
No
1
†
†
10b.iii
Voluntary Absenteeism MBI
.05
-.06
IPWES
-.17*
.02*
.02
No
10b.iv
Voluntary Absenteeism1 OLBI
.07†
-.11†
IPWES
-.22*
.02*
.02
No
Note. N = 290. All standardized regression coefficients and ΔR2s are significant to the Bonferroni-corrected .0016 level unless
otherwise noted.
1
After log10 transformation.
†
p ≥ .05. * p < .05. ** p < .01.
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Table 21: Results of Hierarchical Regression Analysis Regressing Health Criteria on Comparison Work Engagement Scales and the IPWES
Results of Hierarchical Regression Analysis Regressing Health Criteria on Comparison Work Engagement Scales and the IPWES
Standardized
Step 2
Hypothesis
Coefficient
Total R2
Hypothesis
Criterion
ΔR2
Supported
Step 1
Step 2
11a.i
Illness-Related Absenteeism1
UWES–9
-.04†
.08†
IPWES
-.16†
.01†
.01
No
1
†
†
11a.ii
Illness-Related Absenteeism
JES
-.08
-.01
IPWES
-.09†
.00†
.01
No
1
†
†
11a.iii
Illness-Related Absenteeism
MBI
.07
.02
IPWES
-.08†
.00†
.01
No
1
†
†
11a.iv
Illness-Related Absenteeism
OLBI
.10
.07
IPWES
-.04†
.00†
.01
No
†
11b.i
Physical Symptoms
UWES–9
-.33
-.17
IPWES
-.20*
.01*
.12
No
11b.ii
Physical Symptoms
JES
-.27
.00†
IPWES
-.33
.04
.11
Yes
11b.iii
Physical Symptoms
MBI
.48
.44
IPWES
-.07†
.00†
.23
No
11b.iv
Physical Symptoms
OLBI
.38
.33**
IPWES
-.07†
.00†
.15
No
2
Note. N = 290. All standardized regression coefficients and ΔR s are significant to the Bonferroni-corrected .0016 level unless
otherwise noted.
1
After log10 transformation.
†
p ≥ .05. * p < .05. ** p < .01.
Engagement
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Figures

Figure 1. Graphical depiction of the three extant work engagement scales’ coverage of the latent
continuum.
FIGURE 1: Graphical Depiction of the Three Extant Work Engagement Scales’
Coverage of the Latent Continuum.
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Panel A: Dominance Item Response Function

Prob. of Positive Response
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Panel B: Ideal Point Item Response Function
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Figure 2. Graphical depiction of item response processes. In both panels, the x-axis represents
possible values of θ for respondents and the y-axis represents the probability of providing the
positive response to the item. Panel A: A dominance item response function for an example item
estimated with the Two-Parameter Logistic Model. Panel B: An ideal point item response
function for the same example item from Panel A estimated with the Generalized Graded
Unfolding Model.
FIGURE 2: Graphical Depiction of Item Response Processes
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Panel A. Dichotomous scoring
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Panel B. Polytomous scoring
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Figure 3. Item information function for an item located at -1.0 on the continuum estimated with
the GGUM.
FIGURE 3: Item Information Function for an Item Located at -1.0 on the Continuum
Estimated with the GGUM.
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TIF for the IPWES
TIF for the DWES

Figure 4. Comparison of test information functions for the IPWES and DWES.
FIGURE 4: Comparison of Test Information Functions for the IPWES and DWES
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Figure 5. Scatterplot comparison of scores from the polytomous IPWES and DWES.
FIGURE 5: Scatterplot Comparison of Scores from the Polytomous IPWES and DWES
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Figure 6. Test information function for the Job Engagement Scale.
FIGURE 6: Test Information Function for the Job Engagement Scale
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Panel A.

Panel B.

Panel C

Figure 7. Loading plots for the Job Engagement Scale. Panel A: Loading plots using principal
axis factoring and an orthogonal rotation. Panel B: Loading plots using principal axis factoring
and an oblique rotation. Panel C: Loading plots using principal components analysis and an
orthogonal rotation.
FIGURE 7: Loading Plots for the Job Engagement Scale
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Panel A.

Panel B.

Figure 8. Test information functions for the OLBI Disengagement subscale. Panel A: Test
information function from the GRM model. Panel B: Test information function from the
GGUM.
FIGURE 8: Test Information Functions for the OLBI Disengagement Subscale
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Panel A.

Panel B

Panel C

Figure 9. Loading plots for the Disengagement subscale of the Oldenburg Burnout Inventory.
Panel A: Loading plots using principal axis factoring with an oblique rotation. Panel B: Loading
plots using principal components analysis with an orthogonal rotation. Panel C: Loading plots
using principal components analysis and reverse-scored negative items with an orthogonal
rotation.
FIGURE 9: Loading Plots for the Disengagement Subscale of the Oldenburg Burnout
Inventory

208

Criteria (T2)

Predictors (T1)
Job Characteristics
H1a. Work Autonomy (+)
H1b. Feedback from Others (+)
H1c. Task Variety (+)
H1d. Demands-Abilities Fit (+)
H1e. Cognitive Demands (+)
H1f. Time Urgency (+)
H1g. Role Ambiguity (-)
H1h. Illegitimate Tasks (-)
Behaviors (Job Crafting)
H2a. Increasing Structural
Resources (+)
H2b. Increasing Social Resources (+)
H2c. Increasing Challenging
Demands (+)

Traits
H3a. Extraversion (+)
H3b. Conscientiousness (+)
H3c. Neuroticism (-)

Job Attitudes
H4a. Job Satisfaction (+)
H4b. Organizational Commitment (+)

(T2)

(T1)

Job Performance
H5a. Work Intensity (+)
H5b. Counterproductive Work
Behaviors (-)

Work Engagement
Withdrawal Behaviors
H6a. Turnover Intentions (-)
H6b. Absenteeism (-)

Employee Health
H7a. Absenteeism (illness-related) (-)
H7b. Physical Symptoms (-)

Figure 10. Predictors and criteria of work engagement tested for validation. The predicted
direction of the relationship between each construct and work engagement is located in
parentheses.
FIGURE 10: Predictors and Criteria of Work Engagement Tested for Validation
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Appendix A. Glossary of Acronyms
2PLM: Two-Parameter Logistic Model
CFA: Confirmatory factor analysis
CTT: Classical test theory
DWES: Dominance Work Engagement Scale
EFA: Exploratory factor analysis
GGUM: Generalized Graded Unfolding Model
GRM: Graded Response Model
IIF: Item information function
IPWES: Ideal Point Work Engagement Scale
IRT: Item response theory
JES: Job Engagement Scale
MBI: Maslach Burnout Inventory
MBI–GS: Maslach Burnout Inventory – General Survey
MBI–HSS: Maslach Burnout Inventory – Human Services Survey
OLBI: Oldenburg Burnout Inventory
PANAS: Positive and Negative Affect Schedule
PCA: Principal components analysis
TIF: Test information function
UWES: Utrecht Work Engagement Scale
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Appendix B. Maslach Burnout Inventory–General Survey
[this scale is copyrighted and is not published here]
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Appendix C. Utrecht Work Engagement Scale
Vigor
1.
2.
3.
4.
5.
6.

At my work, I feel bursting with energy.9
At my job, I feel strong and vigorous.9
When I get up in the morning, I feel like going to work.9
I can continue working for very long periods at a time.
At my job, I am very resilient, mentally.
At my work, I always persevere, even when things do not go well.

Dedication
1. I find the work that I do full of meaning and purpose.
2. I am enthusiastic about my job.9
3. My job inspires me.9
4. I am proud of the work that I do.9
5. To me, my job is challenging.
Absorption
1. Time flies when I am working.
2. When I am working, I forget everything else around me.
3. I feel happy when I am working intensely.9
4. I am immersed in my work.9
5. I get carried away when I am working.9
6. It is difficult to detach myself from my job.
9

UWES–9 item.
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Appendix D. Job Engagement Scale
Physical Engagement
1. I work with intensity on my job.
2. I exert my full effort to my job.
3. I devote a lot of energy to my job.
4. I try my hardest to perform well on my job.
5. I strive as hard as I can to complete my job.
6. I exert a lot of energy on my job.
Emotional Engagement
1. I am enthusiastic in my job.
2. I feel energetic at my job.
3. I am interested in my job.
4. I am proud of my job.
5. I feel positive about my job.
6. I am excited about my job.
Cognitive Engagement
1. At work, my mind is focused on my job.
2. At work, I pay a lot of attention to my job.
3. At work, I focus a great deal of attention on my job.
4. At work, I am absorbed by my job.
5. At work, I concentrate on my job.
6. At work, I devote a lot of attention to my job.
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Appendix E. Study Measures in the Full Survey
IPWES
(see Table 2)
UWES
(see Appendix C)
JES
(see Appendix D)
MBI–HSS – Emotional Exhaustion subscale
1. I feel emotionally drained from my work.
2. I feel used up at the end of the workday.
3. I feel fatigued in the morning when I get up and have to face another day at work.
4. Working with people all day is really a strain for me.
5. I feel burned out from my work.
6. I feel frustrated by my job.
7. I feel I’m working too hard on my job.
8. My job puts too much stress on me.
9. I feel like I’m at the end of my rope.
OLBI – Disengagement subscale
1. I always find new and interesting aspects in my work. *
2. It happens more and more often that I talk about my work in a negative way
3. Lately, I tend to think less at work and do my job almost mechanically.
4. I find my work to be a positive challenge. *
5. Over time, one can become disconnected from this type of work.
6. Sometimes I feel sickened by my work tasks.
7. This is the only type of work that I can imagine myself doing. *
8. I feel more and more engaged in my work. *
*reverse-scored
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Appendix E (continued)
PANAS
1. Interested (P)
2. Distressed (N)
3. Excited (P)
4. Upset (N)
5. Strong (P)
6. Guilty (N)
7. Scared (N)
8. Hostile (N)
9. Enthusiastic (P)
10. Proud (P)
11. Irritable (N)
12. Alert (P)
13. Ashamed (N)
14. Inspired (P)
15. Nervous (N)
16. Determined (P)
17. Attentive (P)
18. Jittery (N)
19. Active (P)
20. Afraid (N)
(P) = positive mood subscale
(N) = negative mood subscale
Big 5 traits
Extraversion
1. I feel comfortable around people.
2. I make friends easily.
3. I am skilled in handling social situations.
4. I am the life of the party.
5. I know how to captivate people.
Neuroticism
1. I often feel blue.
2. I dislike myself.
3. I am often down in the dumps.
4. I have frequent mood swings.
5. I panic easily.
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Appendix E (continued)
Conscientiousness
1. I am always prepared.
2. I pay attention to details.
3. I get chores done right away.
4. I carry out my plans.
5. I make plans and stick to them.
The Job Crafting Scale
Increasing Structural Job Resources
1. I try to develop my capabilities.
2. I try to develop myself professionally.
3. I try to learn new things at work.
4. I make sure that I use my capacities to the fullest.
5. I decide on my own how I do things.
Increasing Social Job Resources
1. I ask my supervisor to coach me.
2. I ask whether my supervisor is satisfied with my work.
3. I look to my supervisor for inspiration.
4. I ask others for feedback on my job performance.
5. I ask colleagues for advice.
Increasing Challenging Job Demands
1. When an interesting project comes along, I offer myself proactively as a project coworker.
2. If there are new developments, I am one of the first to learn about them and try them out.
3. When there is not much to do at work, I see it as a chance to start new projects.
4. I regularly take on extra tasks even though I do not receive extra salary for them.
5. I try to make my work more challenging by examining the underlying relationships
between aspects of my job.
Job Characteristics Measures
Autonomy
1. The job allows me to make decisions about what methods I use to complete my work.
2. The job gives me considerable opportunity for independence and freedom in how I do the
work.
3. The job allows me to decide on my own how to go about doing my work.
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Appendix E (continued)
Feedback
1. I receive a great deal of information from my manager and coworkers about my job
performance.
2. Other people in the organization, such as managers and coworkers, provide information
about the effectiveness (e.g., quality and quantity) of my job performance.
3. I receive feedback on my performance from other people in my organization (such as my
manager or coworkers).
Task Variety
1. The job involves a great deal of task variety.
2. The job involves doing a number of different things.
3. The job requires the performance of a wide range of tasks.
4. The job involves performing a variety of tasks.
Cognitive Demands
1. The job requires me to monitor a great deal of information.
2. The job requires that I engage in a large amount of thinking.
3. The job requires me to keep track of more than one thing at a time.
4. The job requires me to analyze a lot of information.
Time Urgency
1. I have to work very fast at my job.
2. I work at a high pace throughout the day.
3. It is necessary to keep working at a fast pace at my job.
Role Ambiguity
1. I feel uncertain about how much authority I have.
2. There are NOT clear, planned goals and objectives for my job.
3. I rarely know how to divide my time properly.
4. I rarely know what my responsibilities are.
5. I am unsure of exactly what is expected of me.
6. I am given unclear explanation of what has to be done.
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Appendix E (continued)
Illegitimate Tasks
Unnecessary Tasks
Do you have work tasks to take care of, which keep you wondering if…
1. …they have to be done at all?
2. …they make sense at all?
3. …they would not exist (or could be done with less effort), if things were organized
differently?
4. …they just exist because some people simply demand it this way?
Unreasonable Tasks
Do you have work tasks to take care of, which you believe
1. …should be done by someone else?
2. …are going too far, and should not be expected from you?
3. …put you into an awkward position?
4. …are unfair for you to have to deal with?
Demands-Abilities Fit
1. The match is very good between the demands of my job and my personal skills.
2. My abilities and training are a good fit with the requirements of my job.
3. My personal abilities and education provide a good match with the demands that my job
places on me.
Job Satisfaction
1. All in all I am satisfied with my job.
2. In general I don’t like my job. *
3. In general I like working here.
4. I frequently think of quitting this job. *
* reverse-scored
Organizational Commitment
1. How committed are you to your organization?
2. To what extent do you care about your organization?
3. How dedicated are you to your organization?
4. To what extent have you chosen to be committed to your organization?
Work Intensity
1. When there's a job to be done, I devote all my energy to getting it done.
2. When I work, I do so with intensity.
3. I work at my full capacity in all of my job duties.
4. I strive as hard as I can to be successful in my work.
5. When I work, I really exert myself to the fullest.
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Appendix E (continued)
Counterproductive Work Behaviors
How often have you done each of the following things on your present job?
1. Purposely wasted your employer’s materials/supplies
2. Complained about insignificant things at work
3. Told people outside the job what a lousy place you work for
4. Came to work late without permission
5. Stayed home from work and said you were sick when you weren’t
6. Insulted someone about their job performance
7. Made fun of someone’s personal life
8. Ignored someone at work
9. Started an argument with someone at work
10. Insulted or made fun of someone at work
Turnover Intentions
1. How likely are you to search for a position with another employer in the next year?
2. How likely are you to leave the organization in the next year?
3. How much do you think about quitting this organization?
Absenteeism
1. How many days of work did you miss in the past 6 months due to illness of your own?
2. Not counting vacation days, how many days of work did you miss in the past 6 months
for reasons other than illness of your own?
Physical Symptoms
1. An upset stomach or nausea
2. A backache
3. Trouble sleeping
4. Headache
5. Acid indigestion or heartburn
6. Eye strain
7. Diarrhea
8. Stomach cramps (Not menstrual)
9. Constipation
10. Ringing in the ears
11. Loss of appetite
12. Dizziness
13. Tiredness or fatigue
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Appendix E (continued)
Demographics
1) In what industry do you work?
__Accommodation and Food Services
__Administrative and Support services
__Agriculture, Forestry, Fishing and Hunting
__Arts, Entertainment and Recreation
__Construction
__Educational Services
__Finance and Insurance
__Government
__Health care and Social Assistance
__Information
__Management of Companies and Enterprises
__Manufacturing
__Mining, Quarrying, and Oil and Gas Extraction
__Other Services (Except Public Administration)
__Professional, Scientific, and Technical Services
__Real Estate and Rental and Leasing
__Retail Trade
__Self-Employed
__Transportation and Warehousing
__Utilities
__Wholesale Trade

221

Appendix E (continued)
2) How would you best classify your job?
__Agriculture and engineering
__Arts, Design, Entertainment, Sports, and Media
__Building and Grounds Cleaning and Maintenance
__Business and Financial Operations
__Community and Social Service
__Computer and Mathematical
__Construction and Extraction
__Education, Training, and Library
__Farming, Fishing, and Forestry
__Food Preparation and Serving Related
__Healthcare Practitioners and Technical
__Healthcare Support
__Installation, Maintenance, and Repair
__Legal
__Life, Physical, and Social Science
__Management
__Military Specific
__Office and Administrative Support
__Personal Care and Service
__Production
__Protective Service
__Sales and Related
__Transportation and Material Moving
3) On average, how many hours a week do you work? (Please use whole numbers, e.g., 1, 2, 3,
4...) ___
4) Which of the following best describes your current job level?
__ Hourly employee
__ Entry-level (i.e. non-management employees)
__ Middle-level manager
__ Upper-level manager (e.g., department head, regional manager)
__ Executive (e.g., vice president, director, division head)
__ Top management (e.g., chief executive officer, president)
__ Other
5) What is your job title? __________________________________
6) About how long (in years) have you been employed at your current organization? (Please use
whole numbers, e.g., 1, 2, 3, 4...)
___ years
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Appendix E (continued)
7) What is your age (in years; Please use whole numbers, e.g., 1, 2, 3, 4...)?
_______
8) Gender

Female / Male

9) What is your Ethnicity (please check one):
___White, not Hispanic
___African American
___Asian or Pacific Islander

___American Indian/Alaskan Native
___Hispanic
___Other: __________________ (Please identify)
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